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A Grapheme-to-Phoneme (G2P) conversion is an important task in the field of natural
language processing. It is generally developed using a probabilistic-based data-driven
approach and directly applied to a sequence of graphemes with no other information.
Important research shows that incorporating syllabification point is capable of
improving a probabilistic-based English G2P. However, the information should be
accurately provided by a perfect orthographic syllabification. Some noises or errors of
syllabification significantly reduce the G2P performance. In this paper, incorporation of
syllabification points into a probabilistic-based G2P model for Bahasa Indonesia is
investigated. This information is important since Bahasa Indonesia is richer than
English in terms of syllables. A 5-fold cross-validating on 50 k words shows that the
incorporation of syllabification points significantly improves the performance of G2P
model, where the phoneme error rate (PER) is relatively reduced by 9.67%. An
important contribution of this research is that the proposed G2P model is quite robust
to the syllabification error. A syllable error rate (SER) of 2.5% that comes from an
orthographic syllabification model just slightly increases the PER of the proposed G2P
model from 0.84% to be 0.92%. A higher SER up to 10% just increase its PER to be
1.17%.
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Abstract A Grapheme-to-Phoneme (G2P) conversion is an important task
in the field of natural language processing. It is generally developed using a
probabilistic-based data-driven approach and directly applied to a sequence
of graphemes with no other information. Important research shows that in-
corporating syllabification point is capable of improving a probabilistic-based
English G2P. However, the information should be accurately provided by a
perfect orthographic syllabification. Some noises or errors of syllabification
significantly reduce the G2P performance. In this paper, incorporation of syl-
labification points into a probabilistic-based G2P model for Bahasa Indonesia
is investigated. This information is important since Bahasa Indonesia is richer
than English in terms of syllables. A 5-fold cross-validating on 50 k words
shows that the incorporation of syllabification points significantly improves
the performance of G2P model, where the phoneme error rate (PER) is rel-
atively reduced by 9.67%. An important contribution of this research is that
the proposed G2P model is quite robust to the syllabification error. A sylla-
ble error rate (SER) of 2.5% that comes from an orthographic syllabification
model just slightly increases the PER of the proposed G2P model from 0.84%
to be 0.92%. A higher SER up to 10% just increase its PER to be 1.17%.

Keywords Bahasa Indonesia - grapheme-to-phoneme conversion - syllabifi-
cation points - nearest neighbour - probabilistic-based approach

1 Introduction

A G2P is widely used in many natural language processing-based systems, such
as Text-to-Speech (TTS), automatic speech recognition (ASR), computer-
assisted language learning (CALL), spoken term detection (STD), spoken doc-
ument retrieval (SDR), and speech-to-speech machine translation (S2SMT).

Address(es) of author(s) should be given
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It can be developed using three different approaches: rule-based, probabilistic-
based, and neural-based. The rule-based paradigm is commonly used for a spe-
cific low complexity language but the probabilistic-based approach is widely
adopted for many high complexity languages. Meanwhile, the neural-based ap-
proach is now actively developed for some very high complexity languages since
it is promising to handle the out-of-vocabulary (OOV) words. However, the
probabilistic-based G2P is still interesting to be used because of its simplicity
and flexibility in implementation.

In the 1990s, a G2P is commonly developed using a probabilistic-based
approach. This approach generally uses machine learning techniques, such as
Instance-Based Learning (IBL) [5], Decision Tree Learning (DTL) [3], Hid-
den Markov Model (HMM) [15], Pronunciation by Analogy (PbA) [10], and
Support Vector Machines (SVM) [4]. In general, these techniques have some
disadvantages and give a high PER for varying datasets of languages.

In the 2010s, many researchers propose some advanced probabilistic-based
techniques, such as Conditional Random Fields (CRF) [24], Kullback-Leibler
divergence-based HMM (KL-HMM) [18], Unsupervised Joint Estimation (UJE)
[23], Weighted Finite State Transducer (WFST) [19], and Bayesian Joint-
Sequence Models (BJSM) [1]. These techniques give a lower PER for varying
languages. Unfortunately, they need an aligned training dataset.

Since 2016, some researchers propose a neural-based model that does not
need any aligned training data. For example, an attention-enabled encoder-
decoder model in [22] is claimed to give a performance that is comparable to
that of the conventional models trained using an aligned dataset. The other ex-
amples are Recurrent Neural Networks (RNN) [17] [8], Deep Bidirectional Long
Short-Term Memory (DBLSTM) [13], and Multitask Sequence-to-Sequence
(Seq2Seq) model [11], [16], [25]. These neural-based models are now actively
explored to be applied for low-resource languages and to handle OOV words.
Unfortunately, these models have high computational complexity. The other
researchers also propose another G2P model that can be used more gener-
ally for almost any language (usually called a language-independent G2P),
instead of a specific language, as described in [7], [12]. However, a language-
independent G2P is too hard to be developed for varying languages, from the
simplest to the most complex, since each language has unique characteristics
and rules.

Therefore, some researchers focus on developing a specific G2P for a certain
language. For instance, the researchers in [20] develop an Indonesian G2P
using an instance-based learning approach called a pseudo nearest neighbour
rule (PNNR) and exploiting some phonotactics knowledge. This model gives a
quite low average PER of 0.93% based on a 5-fold cross validation for a dataset
of 50 k words. This result is achieved by using a grapheme encoding called
modified partial orthogonal binary encoding (MPOBE) [20] that makes the
distance of two intraclass patterns lower and two interclass patterns higher so
that they are easily classified by an instance-based classifier that works locally
on some neighbours of patterns. But, the MPOBE has a limitation for the
words those contain a grapheme (e). As described in [20], the grapheme (e)
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contributes most errors, up to 82%. This problem is caused by four prefixes
‘ber’, 'me’, ’per’, and ’ter’ those produce many derivatives with ambiguous
conversions to some roots (basic words) as described in Table 1.

Table 1 Some similar Indonesian formal words with different pronunciations those are
mostly come from the derivatives with four prefixes ’ber’, 'me’, 'per’, and ’ter’

Roots (basic words) Derivatives with prefixes ’ber’, 'me’, 'per’, and ’ter’
"berang’ /beray/ (irascible) "berangin’ /berayin/ (windy)

merek’ /merok/ (brand) ‘mereka’ /moreka/ (they)

‘perak’ /perak/ (silver) ‘peraka’ /peraka/ (space on a ship deck)

‘tering’ /terig/ (tuberculosis)  ’teringat’ /terigat/ (be reminded)

This problem probably can be solved by incorporating the syllabification
boundary or point into the G2P model. Including a syllabification point into
a pattern makes the distance of two interclass patterns higher. This idea is
inspired by the important researches in [10] and [4], which proves that incor-
porating information of syllabification boundary is capable of improving the
English G2P. But, the information should be accurately provided by a perfect
orthographic syllabification. If there are some noises or errors in the syllab-
ification boundary, the English G2P does not work. Few errors can be quite
harmful to the English G2P [10]. In this research, the effect of incorporating the
syllabification points to a G2P is investigated using a PNNR-based model for
Bahasa Indonesia. This information is very important since Bahasa Indonesia
is a syllable-rich language. In [21], a study on KBBI of 50 k words shows that it
has 98.30% polysyllabic and only 1.70% monosyllabic words, where on average
it has 3.20 syllables per word. In contrast, a study on Wordsmyth dictionary of
50 k words in [9], English has 80% polysyllabic and 20% monosyllabic words,
where on average it has only 2.46 syllables per word.

2 Research Method

The block diagram of the proposed G2P with incorporating the syllabification
points is illustrated by Fig. 1. Suppose the input is a grapheme sequence
(be.rang) (irascible). First, the grapheme sequence is preprocessed to convert, it
into some patterns, where /*/ is a blank symbol or there is no phoneme. In this
model, a syllabification point is included in the patterns. Next, the phonemic
rules designed based on [2] and [6] filter one or more potential phonemes to
be selected by the PNNR-based classifier. Finally, the PNNR decides the best
phoneme as the conversion of the focused-grapheme in the pattern.

The dataset used in this research is a pair of one-to-one aligned grapheme-
phoneme sequences by including the syllabification points. It consists of 50k
words selected from Kamus Besar Bahasa Indonesia (KBBI), the official In-
donesian great dictionary created by Pusat Bahasa (Language Center) of the
Indonesian Ministry of Education and Culture. The syllabification rules that
represent the major pronunciations in Indonesian described in [2] are used
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Grapheme sequence:
<be.rang>

\

Data Preprocessing

Generated patterns:

*kkkkkkkkk be. rang****
okkkkkkkk e. ran g*****
il 012} r ang*******
****‘k*be.r ang********
wkkxha rg ng*********
***ha ran g Fkkkkkkkkk

v

Phonemic rule-based filtering

Possible conversions :
<b> > [/b/]

<e> > [/ e =
<> > [/

<a> - [la]

<n> > [In//]] n
<g> > [l9//1]

PNNR-based G2P

\

Phoneme sequence:
/b era*In

Fig. 1 Block diagram of the PNNR-based G2P with incorporating the syllabification points

to define reference syllabifications. A pair of grapheme-phoneme sequences is
converted in the same way as described in [20], but in this research the syllabifi-
cation points are incorporated into the patterns and a higher contextual length
L of 20 (each 10 graphemes on the left and right) is used, instead of 14 (each
7 graphemes on the left and right) as implemented in the G2P without incor-
porating syllabification points in [20]. The longer L is used here since Bahasa
Indonesia has 3.20 syllables per word on average [21]. In other words, there
are three syllabification points should be added into the contextual graphemes
to decide the pronunciation so that the contextual length should be 743 = 10
graphemes on the left and right. The one-to-one alignment is illustrated by
Fig 2, where /*/ is a blank symbol or there is no phoneme.

Data preprocessing. Each grapheme is firstly mapped into a single phonemic
symbol so that a grapheme sequence (including the syllabification points) is
one-to-one aligned to the phoneme sequence. For instance, a grapheme se-
quence (be.rang) (irascible) is aligned to a phoneme sequence /be.ray/ as
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be.rang

bera*n

Fig. 2 One-to-one alignment of grapheme into phoneme, where /*/ is a blank symbol or
there is no phoneme

illustrated by Fig. 2. Each grapheme in the sequence is then consecutively
located as a focused-grapheme and the rests on their appropriate contextual
positions using L = 20 (each 10 graphemes on the left and right), which is
illustrated by Fig. 3 with (*) is a symbol for there is no grapheme.

L1 LoLel7LeLsLaLsL2 L1 F R1R:R3sRaRsRs RPRs Re Rio Class
kkkkkkkhkk be.ran g**** b
Fkkkkkkokk e. rang***** e
Fhkkkkkha r ang******* r
*kkkkka r a ng******** a
*kkkkha rg ng********* n
***kha ran g Fokkkkkkkkk *

Fig. 3 Converting a sequence of grapheme (be.rang) into six patterns and classes using
a contextual length L = 20, where F' is the focus grapheme, L; is the ith left contextual
grapheme, R; is the ith right contextual grapheme, and (*) is a symbol for no grapheme

Grapheme encoding The grapheme encoding used in this research is MPOBE
as described in [20]. But, a new category containing a symbol of syllabification
point is introduced here. Thus, the new MPOBE can be summarized in Table
2 with the detail descriptions as follows:

1. All symbols occur in a grapheme sequence are divided into four main cate-
gories, i.e. (I) vowel-oriented graphemes, (IT) consonant-oriented graphemes,
(III) non-graphemes, and (IV) syllabification point. In Category II, there
are 13 groups of consonant-oriented graphemes generated based on their
pronunciation similarities in the manner and the place of articulation de-
scribed in [2];

2. The distance between Category I (vowels) and Category II (consonants)
is v/6; This is the biggest distance since since they have a high different
in a contextual word. For instance, a grapheme (a) followed by a vowel
(u) in (ker.bau) (buffalo) should be pronounced as /au/, but it should
be converted into /a/ when it is followed by a consonant (b) in (bab)
(chapter).

3. The distance between Category I (vowels) or II (consonants) and Category
III (non-graphemes) is v/5 since their differences are slightly lower. For
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instance, a grapheme (e) in (be.rang) (irascible) is pronounced as /e/ but
in (be.rang-be.rang) (beaver) is pronounced as /o/ since it contains a non-
graphemic symbol (-);

. The distance between two graphemes in the different group but in the same

category is v/4. The grapheme (e) in (be.ban) (load) is converted into /o/
but in (be.bas) (free) is converted into /e/ since the graphemes (n) and (s)
are in the different group;

. The distance between two graphemes in the same group is v/2. The grapheme

(n) followed by either (g) or (k) is pronounced as /y/, such as in (bang)
(brother) and (bank) (bank);

. The distance between Category IV (syllabification point) and all other

categories is %\/ﬁ It is given the lowest distance since shifting a syllab-
ification point produces at least two different graphemes. For example,
the grapheme sequences (be.rang) /be.ray/ (irascible) and (ber.a.ngin)
/bor.a.yin/ (windy) with the focused-grapheme (e) have two different po-
sitions of graphemes (.) and (r).

Table 2 Modified Partial Orthogonal Binary Encoding for 26 Graphemes, 3 Non-
graphemes, and a syllabification point

Category | Group | Graphemes I 11 IIT v Intragroup
I 1 {a, e, i, 0, u} 0 V6 V5 %\/5 V2
11 2 {b, p} Ve | VA VB 2V2 V2
II 3 {t, d} V6 | Vi | VB[ 1V2 V2
11 4 {k, q, g} V6 | VA VB | 4V2 V2
11 5 {c, j} NG Nz Vb | 2V2 V2
11 6 {f, v} Ve | VA VB 2V2 V2
1I 7 {s, x, z} NG Nz NG % 2 NG
11 8 {m} V6 | VA | VB [ iV2 V2
11 9 {n} V6 V4 V5 | 2V2 NG
11 10 {h} V6 V4 V5 | 3V2 V2
11 11 {r} V6 | VA | V5 [ 1V2 V2
11 12 | {1} V6 | VA VB LV2 V2
11 13 | {w} Ve | VA VB 2V2 V2
11 14 {v} V6 | VA | VB[ 1V2 V2
111 15 {*, -, space} NG NG 0 V2 0
v 16 | {} Vel ive[ive] o 0

Graphemic contextual weight. Pronouncing a grapheme contextually depends
on surrounding graphemes on the left and right. A contextual grapheme close
to the focus is more important than the longer one. This concept is modeled
using an exponentially decaying function

w; :p(L/2)7i+1’ (1)

where w; is the ith contextual grapheme weight, p is an exponential constant
around 2.0, and L is the number of surrounding graphemes or contextual length
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distributed equally to the left and right of the focused-grapheme [20]. The
optimum L varies depending on the characteristics of languages. A research
in [20] shows that the optimum L for Indonesian G2P is 14. Such model is
adapted in this research using a longer L of 20, instead of 14.

Distance of interclass similar patterns. Based on the previously described
MPOBE and the graphemic contextual weight, the distance of two inter-
class similar patterns can be made longer by incorporating the information
of syllabification points. Fig. 4 illustrates the distance of two interclass simi-
lar patterns with incorporating the information of syllabification points (b) is
much bigger than those without the information (a). In Fig. 4(a), two inter-
class similar patterns generated from the words ’berang’ /beray/ (irascible)
and ’berangin’ /borayin/ (windy) have a low distance with only two different
graphemes, i.e. distance = VA4 x 26 + /4 x 25 = 192 that is calculated using
p = 2. In contrast, Fig. 4(b) shows that both interclass similar patterns have a
much bigger distance since they have seven different graphemes, i.e. distance =
V2% 2104+ 1/2x 2941 /2% 2745 264+1/2x 20 +/2 % 24 +1/2x 2% = 1, 398.93,
where the syllabification points shift five graphemes on the right.

LioLolsl7Llslslslalol1FRiR2Rs RaRsRsRARsRR10 Class LioLsLsL7Lslslalslol1FR1R2 Rs ReRs RsRReRR 1o Class

*********b erang****** *********b e .rang**‘k**
*********b erangin**** B *********b erangln** B

(a) Without syllabification points (b) With syllabification points

Fig. 4 The distance of two interclass similar patterns with incorporating the information
of syllabification points (b) is much bigger than those without the information (a)

Pseudo nearest neighbour rule. Since this research focuses to evaluate the ef-
fectiveness of incorporating the information of syllabification points into G2P,
the PNNR described in [20] is used in the same way here to easily make the
comparison fair. PNNR works locally by considering only k unique patterns
in the training dataset, where k is called the neighbourhood size. In [20], the
researchers prove that the local scheme is better for handling some anomalies
in a G2P. The PNNR uses a neighbourhood weight

1
7

uj = (2)
where u; is the neighbourhood weight of the jth neighbour and c is a power
constant around 1.0 as described in [20]. This model is directly adopted in
this research, but the ¢ will be re-optimized to develop a new optimum G2P
model.
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The PNNR for a G2P works by finding the minimum probabilistic nearest
neighbour distance between the current pattern and all possible classes of
phonemes to decide the best conversion. The total distance between the current
pattern and a class of phoneme considering the k closest unique patterns is
calculated using

L/2
T = Zuj (diyw; + drjw;) (3)

~

~
Il
—

Jj=1

where u; is the weight for the j-th neighbour calculated using Equation (2), L is
the contextual length of 20, dj; and d,.; are the distances of the i-th contextual
grapheme on the left and right respectively calculated based on the MPOBE,
and w; is the ith contextual grapheme weight calculated using Equation (1).

3 Results and Discussion

In this research, a dataset of 50 k formal words from KBBI as described in
[20] is used to evaluate the proposed G2P model using a 5-fold cross-validation
scheme to make a fair comparison to the PNNR-based G2P model without
incorporating syllabification points in [20]. Both models are evaluated based

on a PER formulated as

E
PER = . (4)

where E is the number of wrong phonemes and N is the total number of
phonemes in the testing data.

3.1 Optimizing the parameters of the proposed model

The proposed PNNR-based G2P with incorporating syllabification points is
evaluated based on the five folds cross-validation as used in [20]. To save time
and resources, the three parameters of the model are sequentially optimized.
Firstly, the neighbourhood size k is optimized. Next, using the optimum £,
the best power constant for neighborhood weight ¢ is then searched. Finally,
the exponential constant for contextual weight p is optimized using the best
k and p.

Neighbourhood size k. The neighbourhood size or the number of neighbour &
in PNNR is hard to be predicted since it is varying based on the case. In this
research, PNNR is firstly evaluated using & = 1 to 9 with a predefined ¢ =
1.0 and p = 2.0. The experimental results using the five-fold cross-validation,
as illustrated in Fig. 5, show that a small ¥ makes PNNR produces high PER
because it works too general. On the other hand, a big k also affects PNNR
produces high PER since it performs too specific. The lowest PER is generally,
occurred on three of the five folds, reached on k£ = 5.
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Phoneme Error Rate for Varying k
T T T

115

—*— Average

Phoneme Error Rate (%)

0.8 —

Neighbourhood size k

Fig. 5 PER produced by PNNR-based G2P with ¢ = 1.0, p = 2.0, and varying k for the
five folds

Power constant for neighborhood weight c. The PNNR with & =5 and p = 2.0
is then evaluated using some power constant for neighborhood weights ¢ = 0.8
to 1.6 with a step size of 0.1. The five-fold cross-validation results, illustrated
by Fig. 6, show that a too small ¢ or a too big ¢ makes PNNR produces high
PER. A small ¢ make a close neighbour has a quite similar distance to the
further one. In contrast, a big ¢ make the closer neighbours have very high
distances while the furthers have very low distances. The neighborhood weight
is balanced on an optimum ¢ = 1.2 for all five folds.

Exponential constant for contextual weight p. Finally, PNNR with & = 5 and
¢ = 1.2 is examined using some exponential constants for contextual weight
p = 1.3 to 2.1 with a step size of 0.1. The five-fold cross-validation results,
illustrated by Fig. 7, show that a too small p or a too big p makes PNNR
produces high PER as the contextual weights are not balanced for the closest
to the furthest phonemes. The lowest PER is reached using p = 1.5 for all five
folds that give the lowest averaged PER of 0.84%. This result is better than the
G2P without incorporating the information of syllabification points that gives
PER of 0.93%. It means that incorporating the information of syllabification
points is relatively reduced the PER by 9.67%.

3.2 Detailed analysis

A detailed inspection shows that the proposed G2P model is capable of solving
some ambiguous conversions of derivatives caused by four prefixes ber’, 'me’,
‘per’, and ’ter’ as described in Table 1. Unfortunately, it has a limitation to
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Phoneme Error Rate for Varying ¢
T T T

——
0.95 Average| |

Phoneme Error Rate (%)

0.8 -

0.8 0.9 1 11 12 13 14 15 16
Power constant for neighborhood weight ¢

Fig. 6 PER produced by PNNR-based G2P with ¢ = 1.0, p = 2.0, and varying k for the
five folds

Phoneme Error Rate for Varying p
T T

Phoneme Error Rate (%)

1.3 1.4 15 16 17 18 19 2 21
Exponential constant for contextual weight p

Fig. 7 PER produced by PNNR-based graphemic syllabification with £ = 5, ¢ = 1.2, and
varying p for the five folds

solve some similar compound words containing a grapheme (e) that is dynami-
cally pronounced as either /e/ or /o/, e.g. a word 'reses’ (recess) is pronounced
as /roses/ but 'resesi’ (recession) is pronounced as /resesi/. Such case is quite
hard to be solved by the proposed G2P model although it incorporates the
syllabification points.
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This problem probably is caused by the blank contextual graphemes in the
patterns. In the cases of 'reses’ and 'resesi’, the generated patterns with the
contextual length of 20 are mostly dominated by (*). This fact raises a bias
in the calculation of the total distance between the current pattern and the
possible classes of phonemes. A possible solution to this problem is taking into
account other words on the left or right in a sentence-level context since the
cross-word patterns can reduce the calculation bias.

3.3 Robustness of the proposed G2P model

The proposed PNNR-based G2P that incorporates syllabification points with
the optimum parameters of £ =5, p = 1.2, and p = 1.5 is finally evaluated using
four other datasets by including the syllabification noise levels of 2.5%, 5.0%,
7.5%, and 10.0%. The syllabification noise is randomly generated by shifting
a position of true syllabification point into either left or right. For instances,
a true syllabification point in a word ’ber.a.ngin’ is randomly shifted into the
left to be 'be.ra.ngin’. The five-fold cross-validation results illustrated by Fig.
8 show that the PNNR is quite robust to the noise. A syllabification noise of
2.5% just slightly increases the PER of the proposed G2P model from 0.84%
to be 0.92%. A much higher syllabification noise up to 10% just increases
the PER to be 1.17%. Therefore, a graphemic syllabification with an SER of
around 2.5% as described in [14] does not increase the PER significantly. The
graphemic syllabification for name entities with an SER of around 7.5% as
described in [14] just slightly increases the PER. So, this proposed G2P model
is very promising to be developed to handle the pronunciation of Indonesian
formal words as well as name entities.

The achieved high noise-robustness can be easily explained using a simple
illustration in Fig. 9. Using p = 2.0, the distance of two interclass patterns
with a noise of syllabification is distance = % 2x 27+ /5x 20 +/2x 25+
V2 x 24 + /2 x 23 = 312.81 (b), which is lower than that of two interclass
patterns without noise (i.e 1,398.93) but bigger than that of two interclass
patterns without incorporating the syllabification points (only 192).

4 Conclusion

The three parameters of the proposed G2P model are easily tuned using a
sequentially optimization. Using the optimum values of those parameters and
the perfect information of syllabification points, the proposed G2P model gives
a lower PER (0.84%) than the G2P without incorporating the information of
syllabification points (0.93%). It successfully solves some ambiguous conver-
sions of derivatives caused by four prefixes 'ber’, 'me’, 'per’, and ’ter’. But, it
fails to solve some similar compound words containing a grapheme (e) that is
dynamically pronounced as either /e/ or /o/, such as a word ’reses’ (recess) is
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Phoneme Error Rate for Varying Noise Level
T T T T

Phoneme Error Rate (%)

0.6 -

“Fold 3
-Fold4 |7
vvvvv A Fold 5

—#— Average

0.4 I I I I I I I
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07

Noise Level

0.08 0.09 0.1

Fig. 8 Effects of noise levels to the PNNR-based G2P with incorporating syllabification

points
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e.ra.ngin**

(b) Without any error of syllabification point

(b) With an error of syllabification point

Class

2]

Fig. 9 A shifted syllabification point slightly reduces the distance of two interclass patterns

pronounced as /roses/ but ’resesi’ (recession) is pronounced as /resesi/. An-
other important achievement of this research is that the proposed G2P model
is robust to the syllabification noise. The SER of 2.5% just slightly increase
the PER of the proposed G2P model from 0.84% to be 0.92%. A higher SER
of 10% just increase its PER to be 1.17%. Hence, this model is very promising
to handle the pronunciation of Indonesian formal words. In the future, it can

be evaluated to pronounce the name entity dataset.
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Abstract A model to convert grapheme-to-phoneme (G2P) is important in
the field of natural language processing (NLP). It is generally developed us-
ing a probabilistic-based data-driven approach and directly applied to a se-
quence of graphemes with no other information. Important research shows
that incorporating information of syllabification point is capable of improving
a probabilistic-based English G2P. However, the information should be accu-
rately provided by a perfect orthographic syllabification. Some noises or errors
of syllabification significantly reduce the G2P performance. In this paper, in-
corporation of syllabification points into a probabilistic-based G2P model for
Bahasa Indonesia is investigated. This information is important since Bahasa
Indonesia is richer than English in terms of syllables. A 5-fold cross-validating
on 50 k words shows that the incorporation of syllabification points signifi-
cantly improves the performance of G2P model, where the phoneme error rate
(PER) can be relatively reduced by 10.75%. This PER is much lower than the
G2P model based on an inductive learning algorithm (ILA). An important
contribution of this research is that the proposed G2P model is quite robust
to syllabification errors. A syllable error rate (SER) of 2.5% that comes from
an orthographic syllabification model just slightly increases the PER of the
proposed G2P model from 0.83% to be 0.90%. A higher SER up to 10% just
increase the PER to be 1.14%.

Keywords Bahasa Indonesia - grapheme-to-phoneme conversion - syllabifi-
cation points - nearest neighbour - probabilistic-based approach

1 Introduction

A G2P model is widely used in many NLP-based systems, such as speech recog-
nition, computer-assisted language learning, spoken document retrieval, speech
synthesis, speech-to-speech machine translation, etc. It can be developed using
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three different approaches: rule-based, probabilistic-based, and neural-based.
The rule-based paradigm is commonly used for a specific low complexity lan-
guage but the probabilistic-based approach is widely adopted for many high
complexity languages. Meanwhile, the neural-based approach is now actively
developed for some very high complexity languages since it is promising to
handle the out-of-vocabulary (OOV) words. However, the probabilistic-based
G2P is still interesting to be used because of its simplicity and flexibility in
implementation.

In the 1990s, a G2P is commonly developed using a probabilistic-based
approach. This approach generally uses machine learning techniques, such as
Instance-Based Learning (IBL) [6], Decision Tree Learning (DTL) [4], Hid-
den Markov Model (HMM) [16], Pronunciation by Analogy (PbA) [11], and
Support Vector Machines (SVM) [5]. In general, these techniques have some
disadvantages and give a high PER for varying datasets of languages.

In the 2010s, many researchers propose some advanced probabilistic-based
techniques, such as Conditional Random Fields (CRF) [26], Kullback-Leibler
divergence-based HMM (KL-HMM) [19], Unsupervised Joint Estimation (UJE)
[25], Weighted Finite State Transducer (WFST) [20], and Bayesian Joint-
Sequence Models (BJSM) [1]. These techniques give a lower PER for varying
languages. Unfortunately, they need an aligned training dataset.

Since 2016, some researchers propose a neural-based model that does not
need any aligned training data. For example, an attention-enabled encoder-
decoder model in [24] is claimed to give a performance that is comparable to
that of the conventional models trained using an aligned dataset. The other ex-
amples are Recurrent Neural Networks (RNN) [18] [9], Deep Bidirectional Long
Short-Term Memory (DBLSTM) [14], and Multitask Sequence-to-Sequence
(Seq2Seq) model [12], [17], [27]. These neural-based models are now actively
explored to be applied for low-resource languages and to handle OOV words.
Unfortunately, these models have high computational complexity. The other
researchers also propose another G2P model that can be used more gener-
ally for almost any language (usually called a language-independent G2P),
instead of a specific language, as described in [8], [13]. However, a language-
independent G2P is too hard to be developed for varying languages, from the
simplest to the most complex, since each language has unique characteristics
and rules.

Therefore, some researchers focus on developing a specific G2P for a certain
language. For instance, the researchers in [22] develop an Indonesian G2P
using an instance-based learning approach called pseudo nearest neighbour
rule (PNNR) combined with the phonemic knowledge. This model gives a
quite low average PER of 0.93% for a dataset of 50 k words based on an
evaluation of 5-fold cross-validation. This result is achieved using a grapheme
encoding called modified partial orthogonal binary encoding (MPOBE) [22],
which makes the distance of two intraclass patterns lower and two interclass
patterns higher so that they are easily classified by an instance-based classifier
that works locally based on some neighbours of patterns. But, the model has
a limitation for the words those contain a grapheme (e). As described in [22],
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the grapheme (e) dominates the PER of 82% as four prefixes *ber’, 'me’, *per’,
and ’ter’ create many derivative words with the confused conversions to some
roots, as described in Table 1.

Table 1 Some similar Indonesian formal words with different pronunciations those are
mostly come from the derivative words

Root (basic word) Derivative word

"berang’ /beray/ (irascible) "berangga’ /berayga/ (horned)

"merek’ /merok/ (brand) "mereka’ /moreka/ (they)

‘perak’ /perak/ (silver) "peraka’ /peraka/ (space on a ship deck)

‘tering’ /terin/ (tuberculosis)  ’teringat’ /toripat/ (be reminded)

This problem probably can be solved by incorporating the syllabification
boundary or point into the G2P model. Including a syllabification point into
a pattern makes the distance of two interclass patterns higher. This idea is
inspired by the important researches in [11] and [5], which proves that incor-
porating information of syllabification boundary is capable of improving the
English G2P. But, the information should be accurately provided by a perfect
orthographic syllabification. If there are some noises or errors in the syllabi-
fication boundary, this scheme does not improve the G2P. Few errors can be
quite harmful to the English G2P [11].

In this research, the impact of incorporating the syllabification points to a
G2P model is investigated using a PNNR-based model for Bahasa Indonesia.
This information is very important because Bahasa Indonesia is a syllable-rich
language. In [23], a study on KBBI of 50 k words shows that it has 98.30%
polysyllabic and only 1.70% monosyllabic words, where on average it has 3.20
syllables per word. In contrast, a study on the Wordsmyth dictionary of 50 k
words described in [10] shows that English has much more monosyllabic words
up to 20% and the number of the polysyllabic ones is 80%, where a further
investigation shows that it has only 2.46 syllables per word.

2 Research Method

The proposed PNNR-based G2P with incorporating syllabification points,
which is called PNNR+4-SP, is illustrated by a block diagram in Fig. 1. Suppose
the input is a grapheme sequence (be.rang) (irascible). First, the grapheme se-
quence is preprocessed to convert it into some patterns, where /*/ is a blank
symbol or there is no phoneme. In this model, a syllabification point is in-
cluded in the patterns. Next, the phonemic rules designed based on [3] and
[7] filter one or more potential phonemes to be selected by the PNNR-based
classifier. The PNNR finally chooses the best phoneme as the conversion of
the center-grapheme in the pattern.

The dataset used in this research is a pair of one-to-one aligned grapheme-
phoneme sequences by including the syllabification points. It consists of 50k
words from an Indonesian dictionary, which is commonly known as Kamus
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Grapheme sequence with a syllabification point:
<be.rang>

Data Preprocessing

Generated patterns:

Fkkkkkkkkk be. rang****
*********b e. rang*****
********be . rang******
Fkkkkkkha r ang*******
Fkkkkkha 1 ang********
*****be. ra n g*********
****be ran g *kkkkkkkkk
v

Phonemic filtering

Possible phoneme conversions :
<b> > [/bf]

<e> > [/ e, 3l

<> > [

<> > [/

<a> > [laf]

<n> > [In/, | 1]

<g> > [fg/, "N

PNNR-based G2P

v

Phoneme sequence with a syllabification point:
/b era n*/

Fig. 1 The PNNR-based G2P with incorporating syllabification points (PNNR~+SP)

Besar Bahasa Indonesia (KBBI), created by Badan Pengembangan dan Pem-
binaan Bahasa, Kemdikbud (the ministry of education and culture). Here, the
rules of syllabifications representing the major pronunciations in all areas in
Indonesia described in [3] are referred to be the standard syllabifications.

A pair of grapheme-phoneme sequences is converted in the same way as
described in [21] and [22], but in this research the syllabification points are
incorporated into the patterns. Therefore, a higher contextual length L = 20
(10 surrounding graphemic symbols on the left and right each) is used, instead
of 14 as implemented in the G2P without incorporating syllabification points
proposed in [21] and [22]. The longer L is needed here since an Indonesian
word, on average, contains around 3.20 syllables [23]. In other words, there
are three syllabification points should be added into the contextual graphemes
to decide the pronunciation so that the contextual length should be 7+3 = 10.
The one-to-one alignment is illustrated by Fig 2, where /*/ is a blank symbol
or there is no phoneme.
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be.rang

be.ra n*

Fig. 2 One-to-one alignment of grapheme into phoneme, where /*/ is a blank symbol or
there is no phoneme

2.1 Data preprocessing

Each grapheme is firstly mapped into a single phonemic symbol so that a
grapheme sequence (including the syllabification points) is one-to-one aligned
to the phoneme sequence. For example, a grapheme sequence with a syllabifi-
cation point (be.rang) from a word ’berang’ (irascible) is aligned to a phoneme
sequence /be.ray/ as illustrated by Fig. 2.

Every grapheme in the sequence (be.rang) is then consecutively put on the
center-grapheme and the others on its surrounding based on the desired L. For
instance, using L = 8, the grapheme sequence is converted into seven pairs
of pattern and class as illustrated by Fig. 3, where F is the focus or center-
grapheme, L; and R; are the ith contextual graphemes on the left and right
respectively, and (*) is an empty grapheme. However, a longer L is needed as
Bahasa Indonesia has many long words. Fig. 4 illustrates a process of pattern
generation for a longer word ’keberangkatan’ (departure) using L = 20.

LalsLal1 FR1R2R3Rs Class
**** he.ra b
***h e. ran g
**he . rang .
*be. rang* r
be.r ang** a
e.ra ng*** n
ran g**** *

Fig. 3 Converting a sequence of grapheme (be.rang) into seven pairs of pattern and class
using L = 8

2.2 Phonemic filtering

A set of specific language-dependent filtering rules can be added to select the
potential phonemes those are possible to be the phoneme conversion of the
focus or center-grapheme. In this research, a set of filtering rules is carefully
designed based on the Indonesian phonemic rules explained in [3].
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6
LtoLoLel7LsLs La LsL2 L1 FRiR.R3RsRsRs R7Rs R Rio Class
*kkkkkkkkk k e i be i rang i k
Fhkkkkkk e.be.rang.k o
rxxkikxrke . be.rang.ka
rrrrekkke. be.rang.ka. b
rrerkke.b  e.rang.ka.t S
*krke.be . rang.ka.ta .
*kkke.be. r ang.ka.tan r
***ke.be.r  ang.ka.tan* a
**ke.be.ra  ng.ka.tan** n
*ke.be.ran  g.ka.tan*** *
ke.be.rang . ka.tan**** .
e.be.rang. ka.tan***** k
.be.rang.k  a.tan*r**** a
be.rang.ka . tan*x**xxx .
e.rang.ka. tanxeereie t
rang.ka.t  gnrreeeekkee a
rang i kata n *kkkkkkkkk n

Fig. 4 Converting a grapheme sequence (ke.be.rang.ka.tan) into seventeen pairs of pattern
and class using L = 20

Table 2 Set of filtering rules based on a specific Indonesian phonemic knowledge

Filtering rules

if CG = (a) and R1 is not in {(i, y, u, w)} then PP is in {/a, a+?}
if CG = (a) and R1 = (.) and R2 is not in {(a, e, i, 0, u)} then PP is in {/a/}
if CG = (e) and R1 is not in {(i, y)} then PP is in {/e, e, e+?, o+2/}
= (e) and R1 is not in {(a, e, i, 0, u)} PP isin {/e, o/}
g) and L1 is not in {(n)} then PP is in {/g/}
and L1 is not in {(a, e, o)} then PP is in {/i, i+?/}
and R1 = (.) and R2 is not in {(a, e, i, 0, u)} then PP is in {/i, */}

)
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if CG = (k) and R1 is not in {(h)} then PP is in {/k, */}
if CG = (n) and R1 is not in {{c, j, y)} then PP isin {/n, y/}
10 if CG = (n) and R1 is not in {(g),(k)} then PP isin {/n, p/}
11  if CG = (o) and R1 is not in {(i, y)} then PP is in {/o, o+?/}
12 if CG = (s) and R1 is not in {(y)} then PP is in {/s/}
13 if CG = (u) and L1 is not in {(a)} then PP is in {/u, u+2/}
14  if CG = (u) and R1 = (.) and R2 is not in {(a, e, i, 0, u)} then PP is in {/u, */}
15 if CG = (y) and L1 is not in {(n, s)} then PP is in {/j/}

Different from the rule set described in [22], here the rule set takes into
account the syllabification point. Table 2 illustrates the set of filtering rule
used in this research, where CG is the center-grapheme, L1, R1, and R2 are
the first and the second contextual graphemes on the left and the right, and
PP is the set of possible phonemes to be the conversion results.
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2.3 Grapheme encoding

The grapheme encoding used in this research is the same as the one explained
in [22], i.e. Modified partial orthogonal binary encoding (MPOBE). As the
name suggest, MPOBE is designed using binary codes those are partially
orthogonal based on the categories derived from the manners and places of
phoneme articulations in a particular language. In this research, a new cate-
gory containing a symbol of syllabification point is introduced to model the
incorporating syllabification points. The proposed new MPOBE for 30 symbols
(26 graphemes, 3 non-graphemes, and one syllabification point) are summa-
rized in Table 3.

Table 3 Modified partial orthogonal binary encoding (MPOBE) for 30 symbols: 26
graphemes, 3 non-graphemes, and one syllabification point

Category | Group | Graphemes I 11 111 v Intragroup
1 1 {a, e, i, 0, u} 0 V6 NG %\/5 V2
11 2 {b, p} Ve | VA VB 2V2 V2
II 3 {t, d} V6 | Vi | VB[ 2V2 V2
11 4 {k, q, g} V6 | VA | V5 [ 1V2 V2
11 5 {c, j} V6 Nz Vb | 2V2 V2
il 6 {f, v} V6 [ VA [ VB [ 2V2 V2
1I 7 {s, x, z} V6 V4 V5 % 2 V2
11 8 {m} V6 | Va4 | VB [ iV2 V2
1I 9 {n} Ve | VA | V5| V2 V2
il 10 {h} V6 [ VA [ VB [ 2V2 V2
1I 11 {r} V6 V4 Vs | 3V2 V2
il 12 {1} V6 | VA V5| V2 V2
II 13 {w} V6 | VA V5 2V2 V2
1I 14 {y} V6 V4 V5 | V2 V2
111 15 {*, -, space} NG NG 0 V2 0
v 16 | {} V2 ive2[3ve] o 0

Some examples of binary encodings for the categories and groups are illus-
trated in Table 4, where the complete MPOBE can be seen in [22]. The binary
codes for category I and II have 6 different bits, category I and III have 5
different bits. The binary codes for two different groups but in the same cate-
gory II have 4 different bits. Meanwhile, The binary codes in the same groups
(intragroup) for all categories have 2 different bits. A special code is designed
for the syllabification point (.), where it is not represented in a binary string
but the distance is directly defined as %\/5 to all other graphemes.

The detail descriptions, as well as the justifications for all categories and
groups, are as follows:

1. All symbols occur in a grapheme sequence are clustered into four categories,
i.e. (I) vowel-graphemes, (II) consonant-graphemes, (IIT) non-graphemes,
and (IV) the syllabification point. In Category II, there are 13 groups of
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Table 4 Some MPOBE:s for the categories and groups

Category | Group | Grapheme | MPOBE
I 1 a 001100000000000000000000000000000000000000000
I 1 e 001010000000000000000000000000000000000000000
I 1 i 001001000000000000000000000000000000000000000
I 1 o 001000100000000000000000000000000000000000000
I 1 u 001000010000000000000000000000000000000000000
II 2 b 110000001100000000000000000000000000000000000
11 2 p 110000001010000000000000000000000000000000000
II 3 t 110000000001100000000000000000000000000000000
11 3 d 110000000001010000000000000000000000000000000
111 15 * 01000000000000000000000000000000000000000001 1
111 15 - 01000000000000000000000000000000000000000001 1
111 15 space 01000000000000000000000000000000000000000001 1
v 16 . XXXXXXKXKXXXXXKXKXXKXKXKXXX KKK KX KX KKK KK KXKXKX

consonant-graphemes generated based on their pronunciation similarities
in the manner and the place of articulation described in [3];

. The binary codes are conceptually designed so that the categories and

groups have some different bits, which produce various Euclidean distances.
Two binary codes with 6 different bits will have an Euclidean distance of
v/6. The complete Euclidean distances and reasonings for all categories and
groups are explained below.

. The Euclidean distance between Category I (vowel-graphemes) and Cat-

egory II (consonant-graphemes) is v/6; This is the biggest distance since
they have the highest contextual difference in a word. For example, a vowel-
grapheme (a) followed by another vowel-grapheme (u) in (ker.bau) (buffalo)
must be phonemicized as /au/, but it should be pronounced as /a/ when-
ever the right contextual grapheme is any consonant-grapheme, such as (b)
in the word (bab) (chapter).

. The distance between Category I (vowels) or IT (consonants) and Category

III (non-graphemes) is v/5 since their differences are slightly lower. For
instance, a grapheme (e) in (be.rang) (irascible) is pronounced as /e/ but
in (be.rang-be.rang) (beaver) is pronounced as /o/ since it contains a non-
graphemic symbol (-);

. The distance between two graphemes in the different groups but in the

same category is /4. For instance, a grapheme (e) in (be.ban) (load) is
converted into /o/ but in (be.bas) (free) is converted into /e/ since the
graphemes (n) and (s) are in the different groups;

. The distance between two graphemes in the same group is /2. For example,

a grapheme (n) followed by one of the consonants in the same group, i.e.
(g) or (k), is pronounced as /1/, such as in (bangsa) (nation) and {bankir)
(banker) those are phonemicized as /bagsa/ and /bagkir/, respectively;

. The distance between Category IV (syllabification point) and all other

categories is %\/5 It is designed to be the lowest distance since shifting a
syllabification point produces at least two different graphemes. For exam-
ple, the grapheme sequences (be.rang) /be.ray/ (irascible) and (ber.a.ngin)
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/bor.a.yin/ (windy) with the focused-grapheme (e) have two different po-
sitions of graphemes (.) and (r).

2.4 Graphemic contextual weight

Pronouncing a grapheme contextually depends on the surrounding graphemes.
A contextual grapheme nears the center-grapheme, either on the left or right,
is more important than the further one. This concept is formulated as

w; = pL/D=itL (1)

where w; is the weight of the ith contextual grapheme, p is the exponential
constant around 2.0, and L is the contextual length as described in [22].

This formula is actually an exponentially decaying function. The optimum
L varies depending on the characteristics of languages. Research in [22] shows
that the optimum L for Indonesian G2P is 14. The model is adapted in this
research using a longer L of 20.

2.5 Distance of interclass similar patterns

Based on the MPOBE and the graphemic contextual weight, the distance of
two interclass similar patterns can be made longer by incorporating syllabifi-
cation points. Fig. 5 illustrates the distance of two interclass similar patterns
with incorporating the information of syllabification points (b) is much bigger
than that without the information (a).

In Fig. 5(a), two interclass similar patterns generated from ’berang’ /beray/
(irascible) and ’berangin’ /borayin/ (windy) have a low distance with only two
different graphemes, i.e. d = v/4 x 26 + /4 x 2° = 192 that is calculated using
p = 2.0. In contrast, Fig. 5(b) shows that both interclass patterns have much
higher distance since they have seven different graphemes, i.e. d = %\/ﬁ x 210 4
V2 x 224+ 1vV2x 2T+ VB x 20+ V2 x 2° + V2 x 2% + V2 x 2% =1,398.93,
where the syllabification points shift five graphemes to the right.

LioLolal7Llelslalalol1FRiR2Rs RaRsReRRsRR1o Class LioLsLsl7LslslalsloL1FR1R2 Rs RiRsRsRReRR 10 Class

*********b erang****** *********b e .rang***"k*
*********b erangin**** B *********b erangln** B

(a) Without syllabification points (b) With syllabification points

Fig. 5 The distance of two interclass similar patterns with incorporating the information
of syllabification points (b) is much bigger than those without the information (a)



O©CO~NOOOTA~AWNPE

10

2.6 Pseudo nearest neighbour rule

Since this research focuses to evaluate the effectiveness of incorporating the
information of syllabification points into G2P, the PNNR described in [22] is
used in the same way here to easily make the comparison fair. It works locally
by considering a neighbourhood size of k unique patterns in the trainset only,
not all available patterns. In [22], the researchers prove that the local scheme
is better to solve some problems in a G2P. In this research, the PNNR is also
designed to use a neighbourhood weight

1
o (2)

where u; is the neighbourhood weight of the jth neighbour and c is a power
constant around 1.0 as described in [22]. This model is directly adopted in this
research, but the value of ¢ will be re-optimized to enhance the G2P model.

The PNNR for a G2P model works by minimizing the total distance be-
tween the current pattern and k nearest unique-patterns in each possible
classes of phonemes to decide the best conversion. The total distance is here
calculated using a formula adopted from [22] as follow

Uj:

~

T = Uy (dliwi + d”»wi) s (3)

k L/2
j=1 i=1

J

where u; is the weight for the j-th neighbour calculated using Equation (2),
L is the contextual length, dj; and d,; are the distances between the i-th left
and right contextual graphemes in both patterns those are calculated using
MPOBE, and w; is the weight of the the ith contextual grapheme calculated
using Equation (1).

A holistic illustration is provided here to easily explain all processes in the
proposed G2P model. Fig. 6 illustrates an example of converting a grapheme
sequence (a.bai) (ignore) into a phoneme sequence /abar*/ to clearly explain
all steps in the model. In this illustration, the parameters of the PNNR-based
G2P model are set to be L = 4, k = 3, p = 2, and ¢ = 1 to make it easy
to understand. First, a pattern (****a.bai) is generated. Based on the proce-
dure of phonemic rule-based filtering, the possible phoneme conversion for the
grapheme (a) in the center of pattern is only one, i.e. /a/, then the pattern is
directly converted into the phoneme /a/. Next, the second pattern (***a.bai*)
is generated. Same as the first step, the patterns is directly converted into a
phoneme /./. The third pattern (**a.bai**) is then generated. The pattern is
also directly converted into the only possible phoneme /b/.

Next, the fourth pattern (*a.bai***) is generated. This step is different with
those previous steps since the pattern has three possible phoneme conversions:
/a/, Jai/, and /a+?/. In this case, the PNNR is needed to choose the best
phoneme conversion. Since the PNNR uses k = 3, three closest patterns in each
class (phoneme conversion) are selected. Next, the total distance between the
three closest patterns in each class are calculated using the formula in Equation
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(3). Finally, the class that has the minimum total distance is chosen as the
best phoneme conversion. Hence, the grapheme (a) in the center of the pattern
(*a.bai***) is converted into phoneme /a1/.

Finally, the fifth pattern (a.bai****) is generated. Same as the fourth step,
this pattern has more than one possible phoneme conversions, i.e. /i/ and /*/.
In this case, the PNNR is needed to choose the best phoneme conversion. First,
three closest patterns in each class (phoneme conversion) are selected. Next,
the total distance between the input pattern and the three closest patterns in
each class is computed using the formula in Equation (3). Finally, the class
that has the lowest total distance is chosen as the best phoneme conversion.
In this final step, the grapheme (i) in the center of the pattern (a.bai****) is
converted into phoneme /*/.

3 Results and Discussion

A dataset of 50 k formal words from KBBI as described in [22] is used here
to evaluate the proposed G2P model using a 5-fold cross-validation scheme to
make a fair comparison to the PNNR-based G2P model without incorporating
syllabification points in [22]. Both models are evaluated based on the PER, an
error rate in phoneme level, formulated as

E

PER = — 4

= (®)
where E is the number of phoneme errors and N is the number of all phonemes
in the test set, as used in [22].

3.1 Optimizing the parameters of the proposed G2P model

The proposed PNNR-based G2P with incorporating syllabification points is
evaluated based on the five folds cross-validation as used in [22]. To save time
and resources, the four parameters of the model are sequentially optimized.
Firstly, the parameter k is optimized. Next, the optimum value of ¢ is then
searched using the best k. The parameter p is then optimized using those best
k and c. Finally, L is tuned using the optimum parameters k, ¢, and p.

Optimum neighbourhood size k. It is hard to optimize the neighbourhood size
k since it is commonly different case by case. Thus, in this research, some
experiments are performed for K = 1 to 9 using three initial parameters, i.e.
c = 1.0, p = 2.0, and L = 20. The five-fold cross-validation shows that a
low k = 1 produces the highest PER, as illustrated by Fig. 7. A too small k
affects the model under fits for the unseen data. In contrast, a too big k =9
makes the model over fits and yields a high PER. In general, the lowest PER
is achieved on k = 5, where the model yields the smallest PER for the three
folds, i.e. Fold 1, Fold 3, and Fold 4.
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Step 1. *** abai > /a/

Step 2. ***a .bai* > //
Step 3. **a. bai*™* > /b/

Step 4. *a.b ai*** > /al,//, lar 2/
Class: <a> > fa/
diotal = 68.44 *g.h a* P
*a.b ad**
d= @9 ’
*a.b ar ***

d = (1/3%(V6 .p*) = 18.06

Class: <a> > /a1/
ca.b ai***
ga.b ai***

rotal = 33,19 (minimum)

d=@1n%5p%=17.88
d = (U29(5.p% = 8,94
d = (1/3%(¥2N2.p>+V5.p2+V5.pY) = 6,38

Class: <a> > fa+?/
*»**h a.id *
**h alis *
*xh oalit ¥

Gtotar = 34,97

d = (1/1%(%N2.p%\5.p°+V5 p") = 19,07
d = (1/29(¥aN2.p°+V5.p%+5.pY) = 9,54
d = (/39 (¥%N2.p*+V5.p%+5.p") = 6,38

Step 5. a.ba i ** > /i, [*/

it = 96.31 %
d = (U1 (V6.p% = 39.19 ’

d = (1/29(V6.p*+V6.p%) = 39.19
d = (1/3°)(N6.p " +44v2.p*+14V2.p?) = 17.93

Class: <i> > /il

*kk d I *kkk

*kk dl k***

*ab | *kkk

Class: <i> > /*/
a.ba i ****
u.ba i ****

diotar = 14.13 (minimum)

d=(11%0)= 0
d=(1/29N2.pY) =1.41
d = 1B (()V2 p*+5.p°+\5.p?) = 12.72

Fig. 6 Example of the proposed PNNR-based G2P model with incorporating syllabification

points for a grapheme sequence (a.bai) (ignore) into a phoneme sequence /abar*/
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Phoneme Error Rate for Varying k
T T T

115

—*— Average

Phoneme Error Rate (%)

0.8 —

Neighbourhood size k

Fig. 7 PER produced by PNNR-based G2P with ¢ = 1.0, p = 2.0, and varying k for the
five folds

Optimum power constant c. Next, the power constant for neighborhood weights
c is optimized using the optimum k = 5 resulted in the previous experiment
as well as two initial parameters p = 2.0, and L = 20. Here, some experiments
are conducted for ¢ = 0.8 to 1.6 using the five-fold cross-validation as well.
The results in Fig. 8 inform that a small ¢, lower than 1.0, yields a high PER.
A big ¢ more than 1.5 also gives a high PER. A small ¢ make the distances
between the close neighbours and the further ones are quite low. In contrast,
a big ¢ makes the closer neighbours have significantly high distances while
the furthers have low distances. The neighborhood weight is balanced on an
optimum ¢ = 1.2 for all five folds.

Optimum exponential constant p. The parameter p is then tuned using two
optimum parameters k = 5 and ¢ = 1.2 resulted in the previous experiments
and the initial L = 20. Some experiments are performed using p = 1.3 to 2.1
with a step size of 0.1 using the five-fold cross-validation. The results in Fig.
9 show that a low p yields a high PER. A big p also gives a high PER. Both
values make the p is not balanced. The balanced contextual weight is achieved
on p = 1.5 that produces an averaged PER of 0.84%.

Optimum conteztual length L. Finally, the contextual length L is optimized
using those three optimum parameters £ = 5, ¢ = 1.2, and p = 1.5. Some
experiments are conducted using the contextual length L = 6 to 22 with a
step size of 2. The results in Fig. 10 show that a small L = 6 produces a quite
high averaged PER up to 4.43% since the model just takes into account a few
contextual graphemes. Considering only three contextual graphemes on the
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Phoneme Error Rate for Varying ¢
T T T

Fold 1
Fold 2
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Fold 5
—*— Average | |

0.95 —

Phoneme Error Rate (%)

0.8 -

0.8 0.9 1 11 12 13 14 15 16
Power constant for neighborhood weight ¢

Fig. 8 PER produced by PNNR-based G2P with ¢ = 1.0, p = 2.0, and varying k for the
five folds

Phoneme Error Rate for Varying p
T T

Fold 1
Fold 2
Fold 3
Fold 4
095 AFolds |
—— Average

Phoneme Error Rate (%)

0.75 L I I I I I I I I
13 1.4 15 16 17 18 19 2 21

Exponential constant for contextual weight p

Fig. 9 PER produced by PNNR-based graphemic syllabification with £ = 5, ¢ = 1.2, and
varying p for the five folds

left and right produces many ambiguous overlapped patterns. The PER can
be sharply reduced by increasing the L. The lowest PERs are reached using
L = 14 for all five folds that produce the lowest average PER of 0.83%. This
result is much better than the PNNR-based G2P model without incorporating
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syllabification points that gives PER of 0.93%. It means the incorporating
syllabification points relatively reduces the PER by 10.75%.

Phoneme Error Rate for Varying L
T T T

4% —%— Average ||

35

Phoneme Error Rate (%)

6 8 10 12 14 16 18 20 22
Contextual length L

Fig. 10 PER produced by PNNR-based graphemic syllabification with k = 5, ¢ = 1.2, p
= 1.5, and varying L for the five folds

3.2 Detailed investigation

A detailed inspection shows that the proposed G2P model is capable of solv-
ing some ambiguous conversions of derivatives caused by the four prefixes
described in Table 1. Unfortunately, it has a limitation to solve some similar
compound words containing a grapheme (e) that is dynamically phonemicized
as /e/ or /o/, e.g. a word "beban’ (load) is pronounced as /boban/ but ’bebas’
(free) is pronounced as /bebas/. Such case is quite hard to be solved by the
proposed G2P model although it incorporates the syllabification points.

This problem probably is caused by the blank contextual graphemes in the
patterns. In the cases of *beban’ and ’bebas’, the generated patterns with the
contextual length of 20 are mostly dominated by (*). This fact raises a bias
in the calculation of the total distance in Equation (3). A possible solution
to this problem is taking into account other words on the left or right in a
sentence-level context since the cross-word patterns can reduce such bias.

3.3 Robustness of the proposed G2P model

The proposed PNNR-based G2P that incorporates syllabification points with
the optimum parameters of £k = 5, p = 1.2, and p = 1.5 is finally evaluated
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Fig. 11 Effects of noise levels to the PNNR-based G2P with incorporating syllabification
points

using four other datasets by including the syllabification noise levels of 2.5%,
5.0%, 7.5%, and 10.0%. The syllabification noise is generated using a random
procedure. The procedure is simply implemented by randomly select a position
of true syllabification point and then shift it to the left or right. For instances,
a true syllabification point in a word ’ber.a.ngin’ is randomly shifted to the
left to be ’be.ra.ngin’.

The results in Fig. 11 show that the proposed model is robust to such noise.
A syllabification noise of 2.5% just slightly increases the PER of the proposed
G2P model from 0.84% to be 0.92%. A much higher syllabification noise up
to 10% just increases the PER to be 1.17%. Therefore, a graphemic syllab-
ification with an SER of around 2.5% as described in [15] does not increase
the PER significantly. The graphemic syllabification for name entities with
an SER of around 7.5% as described in [15] just slightly increases the PER.
So, this proposed G2P model is very promising to be developed to handle the
pronunciation of Indonesian formal words as well as name entities.

The achieved high noise-robustness can be explained easily using a simple
illustration in Fig. 12. Using p = 2.0, the distance of two interclass patterns
with a syllabification noise is d = 2v/2 x 27+ V5 x 26 + /2 x 2° + V2 x 24 +
V2 x 23 = 312.81, which is lower than that of two interclass patterns without
noise (i.e 1,398.93) but it is bigger than that of two interclass patterns without
incorporating the syllabification points described in Fig. 5 (only 192).
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LioLslsl7lsLslslsloL1FRiR. RsRsRsRsRAReRR 10 Class Lio LeLsL7LslsLalaloLi F R1R2RsR4RsRs RrR&RaR1o Class

*********b e .rang***** *********b e .rang*****

*********b erangln**

*********b erangln**

(b) Without any error of syllabification point (b) With an error of syllabification point

Fig. 12 A shifted syllabification point slightly reduces the distance of two interclass patterns

3.4 Comparison the proposed G2P model with two other works

Finally, the proposed G2P model using the PNNR and the syllabification point
(PNNR+SP) is compared with two other models: a PNNR without incorporat-
ing syllabification points described in [22] and an inductive learning algorithm
(ILA) proposed by Saleh M. Abu-Soud [2]. As reported in [2], ILA is capable
of inducing a smaller and simpler rule set, which gives a quite higher accuracy,
than an ID3. It also outperforms a neural network-based G2P.

In this research, both models are implemented using the same contextual
length L of 14 as used in the PNNR+SP to keep the fairness. Since incor-
porating syllabification points gives a significant improvement, then ILA is
also implemented by incorporating syllabification point so that it is called
ILA+SP. Here, ILA+SP is designed to take into account the nearest contextual
graphemes first since they have high importance to phonemicize a grapheme.
The number of patterns, the number of rules, and the average number of con-
ditions induced by ILA+SP for the five folds are listed in Table 5.

Table 5 Statistics of the rule sets for the five datasets (folds) induced by ILA+SP

Fold Number of patterns Number of rules  Average number of conditions
Fold 1 276,719 6,369 1.8848

Fold 2 276,810 6,382 1.8836

Fold 3 277,027 6,336 1.8778

Fold 4 277,101 6,119 1.8784

Fold 5 276,871 6,314 1.8817

Average 276,906 6,304 1.8813

Using the contextual length L of 14, the total number of possible patterns
is huge up to 30'* = 4.78 x 10%°. Meanwhile, the actual number of patterns
in each fold is tiny of only 276 k. It can be said that the trainset is too
small for the problem space. These facts are predicted to make ILA+SP will
induce a small rule set that is too hard to generalize the unseen data in the
test set. The learning processes on the five folds produce an average number
of rules around 6,304 and an average number of conditions only 1.88. With
a tiny induced rule set, ILA4+SP will take a random decision when no rule
available to classify the unseen data. In this research, the classification process
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in ILA+SP is simply implemented by selecting the most frequent phoneme as
a final decision (output) when no available rule in the induced rule set.

An evaluation using 5-fold cross validation produces the results illustrated
in Table 6. The proposed PNNR+SP model produces lower PERs for all five
folds. In contrast, ILA+SP gives a worse performance and produces much
higher PERs. These are caused by the tiny trainsets in the five folds produce
small sets of rules that are under-fit to generalize the unseen data in the test
sets, as predicted above. However, ILA-based G2P needs significantly lower
computation than PNNR. It just finds the suitable rule in the quite small
rule set while PNNR should select k nearest patterns and calculate the total
distance from a huge set of patterns in each class.

Table 6 Comparison the proposed PNNR+SP model with the ILA+SP and the PNNR
without incorporating syllabification point

Fold ILA+SP PNNR PNNR+SP
Fold 1 5.19 0.94 0.84
Fold 2 5.18 0.96 0.85
Fold 3 5.22 0.92 0.86
Fold 4 4.97 0.93 0.79
Fold 5 5.29 0.93 0.79
Average 5.17 0.93 0.83

4 Conclusion

The parameters of the proposed G2P model based on PNNR+SP are easily
tuned using a sequentially optimization. Using the optimum values of those
parameters and the perfect information of syllabification points, the proposed
G2P model gives a lower PER (0.83%) than the G2P without incorporating
information of syllabification points (0.93%). This result is significantly lower
compared to the G2P model based on ILA+SP. A further investigation shows
that the proposed model successfully solves some ambiguous conversions of
derivative words caused by the four prefixes "ber’, 'me’, 'per’, and ’ter’. But,
it fails to solve some similar compound words containing a grapheme (e) that
is randomly pronounced as /e/ or /o/. Another important achievement of this
research is that the proposed G2P model is quite robust to the syllabification
noise. The SER of 2.5% just slightly increase the PER of the proposed G2P
model from 0.83% to be 0.90%. A much higher SER up to 10% just increase
its PER to be 1.14%. Hence, this model is very promising to handle the pro-
nunciation of Indonesian formal words. In the future, it can be evaluated to
pronounce the name entity dataset.
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