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Abstract

Transliteration converts words in a source language (e.g., En-
glish) into phonetically equivalent words in a target language
(e.g., Vietnamese). This conversion needs to take into account
phonology of the target language, which are rules determin-
ing how phonemes can be organized. For example, a translit-
erated word in Vietnamese that begins with a consonant clus-
ter is phonologically invalid. While statistical transliteration
approaches have been widely adopted, most do not explicitly
model the target language’s phonology, and thus produce in-
valid outputs. The problem is compounded for low-resource
languages where training data is scarce. In this work, we present
a phonology-augmented statistical framework suitable for lan-
guages with minimal linguistic resources. We propose the con-
cept of pseudo-syllables as structures representing how seg-
ments of a foreign word are arranged according to the target
language’s phonology. We use Vietnamese, a tonal language
with monosyllabic structure as an example. We show that the
proposed system outperforms the statistical baseline by up to
70.3% relative, when there are limited training examples (94
word pairs). We also investigate the trade-off between training
corpus size and transliteration performance of different methods
on two distinct corpora.
Index Terms: machine translation, under-resourced languages

1. Introduction
In every language, new words are constantly being invented
or borrowed from foreign languages, especially in colloquial
speech. For example, ‘facebook’ is now part of the vo-
cabulary in many languages other than English. These new
words present out-of-vocabulary (OOV) challenges to spoken
language technologies such as automatic speech recognition
[1], keyword search [2], and text-to-speech [3]. Translitera-
tion is a mechanism for modeling OOV’s adopted from for-
eign languages. Transliteration converts words written in one
writing system (source language, e.g., English) into phoneti-
cally equivalent words in another writing system (target lan-
guage, e.g., Vietnamese) [4], and is often used to translate
foreign names of people, locations, organizations, and prod-
ucts. For example, the English word facebook can be translit-
erated to Vietnamese phonemes using X-SAMPA notation [5]:
f @I _1 . b_< u k _2 (“.” is a syllable delimiter).

Letter-to-sound tools employing statistical approaches are
common solutions for OOV’s [6][7]. Transliteration deals with
two different language systems, with the input as letters from a
source language, and output as phonemes of a target language.
Transliteration outputs therefore need to comply with phono-
logical rules of the target language. Such phonological rules of
OOV’s adopted from foreign words are often difficult to model

because compared to OOV’s originating from the native lan-
guage, their numbers are smaller in size. This often results
in non-interpretable outputs by statistical transliteration mod-
els [8]. The problem is compounded in low-resource languages
such as Vietnamese [9]. Given the limited corpus size of such
languages, performance of statistical transliteration approaches
is suboptimal. On the other hand, rule-based transliteration ap-
proaches have been shown to produce phonologically-valid out-
puts with little training resources [10]. However, rule-based ap-
proaches have their performance limited by the complexity of
the predefined rules, and therefore, under-perform with larger
datasets, as compared to statistical methods [10].

We propose a transliteration framework in which the statis-
tical n-gram language modeling is augmented with phonologi-
cal knowledge. We propose the concept of pseudo-syllables in
statistical models to impose phonological constraints of sylla-
ble structure in the target language, yet retain acoustic authen-
ticity of the source language as closely as possible. We assess
the transliteration performance of the proposed framework with
existing baseline approaches on low-resource languages, using
Vietnamese as an example. We further investigate their perfor-
mance with corpora of different dialects and various training
data sizes. Our proposed framework integrates advantages of
rule-based approaches on top of classical statistical translitera-
tion models. The proposed approach ensures phonologically-
valid outputs, while maintaining strengths of statistical mod-
els (e.g., language-independent, performance scales up with in-
crease in training data size). We are working on applying the
framework to other languages such as Cantonese and Mandarin.

2. Background
2.1. Phonology

We introduce two phonological concepts essential to transliter-
ation.
i. Syllable: A syllable is considered the smallest phonological
unit of a word [11] with the following structure [12]:

[O]N [Cd] + [T ] (1)

where the “[ ]” specifies an optional unit. O denotes the Onset,
which is a consonant or a cluster of consonants at the begin-
ning of a syllable. N denotes the Nucleus, which contains at
least a vowel. Cd denotes the Coda, which mostly contains
consonants. T denotes lexical tone, a feature existing in many
languages to distinguish different words. The syllabic structure
above is shared across most languages [12]. However, how con-
sonants (C ) and vowels (V ) constitute Onset, Nucleus, Coda
differs across languages. For example, in English, an Onset can
be a consonant cluster, such as ‘kl’, while no consonant cluster
can be the Onset of a syllable in Vietnamese [13][14].
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ii. Lexical Tones: In tonal languages, pitch is used to distin-
guish the meaning of words which are phonetically the same.
This distinctive pitch level or contour is referred to as lexical
tones [15]. For instance, there are 6 distinct lexical tones in
Vietnamese [16], and 4 distinct lexical tones in Mandarin [17].
Each lexical tone is commonly encoded in phonetic representa-
tion with a number. For example, consider two different Viet-
namese words: b_< O _3 (cow) and b_< O _6 (bug). The
two words are represented in phonetic units using X-SAMPA
notation [5], and have the same Onset (b_<) and Nucleus (O),
but are distinguished by the two different lexical tones (tone 3
and tone 6). Around 70% of languages are tonal [15], concen-
trating in Africa, East and Southeast Asia [18].

2.2. Baseline Model: Joint Source-Channel Model

The joint source-channel model for transliteration was intro-
duced in [19]. Similar approaches have also been proposed for
grapheme-to-phoneme conversion in [20].

The transliteration problem can be formulated as follows:
given a string of graphemes f = (f1, f2, ..., fm) from source
language F , the objective is to convert this input string into a
string of phonemes e = (e1, e2, ..., en) in target language E.
The string of phonemes is inferred to:

e∗ = argmax
e

p(e|f) = argmax
e

p(e, f). (2)

The transliteration process can be seen as finding the alignment
for sub-sequences of the input string f and the output string
e [21]. Let there be K aligned transliteration pairs <x,y>1,
..., <x,y>K , where x takes on sub-sequences of e and y takes
on sub-sequences of f . The joint probability p(e, f) is esti-
mated through an N-gram model, where the k-th alignment pair
<x,y>k is dependent on its N predecessor pairs [19][20]:

p(e, f) =

K∏

k=1

P (<x, y>k | <x, y>k−N+1, ..., <x, y>k−1)

3. Proposed Phonology-Augmented
Statistical Framework

3.1. Motivation

Figure 1 shows how the English word “KLEINHANS” is
transliterated into Vietnamese. Units 3, 7, 12 and 16 denote
Vietnamese lexical tones. Units 4, 8 and 13 are delimiters be-
tween syllables. The arrows approximate the correspondence
between the English graphemes and the Vietnamese phonemes.

Source word!

Transliteration 
in Vietnamese!

K! L! E! I! N! H! A! N! S!

k! @:! 3! .! l! a:I! 1! .! h! a! n! 1! .! s! @:! 1!
1! 2! 3! 4! 5! 6! 7! 8! 9! 10! 11! 12! 13! 14! 15! 16!

1! 2! 3! 4! 5! 6! 7! 8! 9!

Figure 1: Standard statistical transliteration model (no explicit phono-
logical knowledge)

Some observations made from this example are:
1. Lexical tones are added to the transliteration output (en-

coded by the numbers at position 3, 7, 12 and 16).
2. The source word and its transliterated version can have dif-

ferent numbers of syllables: the original word has 2 sylla-
bles, while the transliterated output has 4.

3. There might not be an obvious correspondence between a
segment in the source word and a target phoneme: either
segment “EI” or “EIN” of the source word can correspond
to phoneme /a:I/ at position 6.

4. New phonemes can be added to the output to retain the
phonological structure of the source language: a ‘schwa’ is
added to imitate the pronunciation of the consonant cluster
“KL” that does not have an equivalent in Vietnamese.

In existing statistical transliteration models, the phonological
considerations listed above are implicitly modeled using n-gram
language modeling of the source language graphemes [22], or
joint sequences of graphemes and phonemes [19][20]. Due to
limited training data in low-resource languages, phonological
structure in the transliteration output is not well-modeled, re-
sulting in a high rate of invalid syllables in the output [10]. For
example, k l E i _1 . J a: n is another transliteration
output in Vietnamese phonemes produced by a statistical model
for the word “KLEINHANS” in Figure 1. The output is invalid
in Vietnamese phonology since the first syllable has a conso-
nant cluster, and the second syllable has no lexical tone. Em-
pirically, at least 21% of transliterated entries lack lexical tones,
when we run Sequitur G2P [23] (a statistical system) on 100
Vietnamese transliteration pairs extracted from OpenKWS13
corpus [24]. Previous rule-based approaches have been shown
to improve transliteration performance by imposing phonologi-
cal constraints on their outputs [10]. However, predefined rules
are likely to make mistakes with words not observed in training
data. Rule-based approaches are thus outperformed by statisti-
cal models in larger data sets [10].

Our proposed approach has the strengths of both the rule-
based and statistical approaches by integrating the phonology of
the target language explicitly with a statistical model. The pro-
posed framework can thus generate transliterated outputs that
are phonologically valid yet improves the performance with
more data. Figure 2 shows the three steps of the proposed
approach: (1) pseudo-syllable formulation, (2) grapheme-to-
phoneme mapping, and (3) lexical tone assignment.

3.2. Pseudo-Syllable Formulation

Pseudo-syllable is a representation of how segments of a for-
eign word are arranged according to the syllable structure spec-
ified by the target language’s phonology. The concept is in-
spired by how native speakers process a foreign loan word by
imposing native phonological constraints on the foreign word’s
form [25]. The structure of a pseudo-syllable is defined as:
si = {[Oi] Ni [Cdi]}, where Oi, Ni, Cdi are the Onset, Nu-
cleus and Coda of the i-th pseudo-syllable respectively. Onset,
Nucleus and Coda can be seen as sub-syllable roles assigned to
different parts of a syllable.

Extra unit representing the ‘schwa’ can be added to form
pseudo-syllables to maintain acoustic authenticity of the source
language, such as consonant clusters and fricative finals. This
is a phenomenon known as epenthesis, commonly observed
among loanwords in languages such as Vietnamese [16],
Japanese [25], and many more [26][27][28]. For example, given
the foreign word f = “KLEINHANS”, a possible sequence of

Source word!

1. Pseudo-syllables!
formation!

K! L! E! I! N! H! A! N! S!

H! A! N!
O! N! Cd!

2. Grapheme to 
phoneme mapping! h! a:! n! s! @:!

3. Tone setting!

O: Onset,       N: Nucleus,        Cd: Coda,        @: ‘schwa’!

K! @:!
O! N!

S! @:!
O! N!

L! EIN!
O! N!

k! @:! l! a:I!

h! a:! n! 1! s! @:! 1!k! @:! 3! l! a:I! 1!

Figure 2: Phonology-augmented statistical framework
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pseudo-syllables is: s1={K, @:} with O1={K}, N1={@:};
s2={L, EIN} with O2={L}, N2={EIN}; s3={H, A, N} with
O3={H}, N3={A}, Cd3={N}; s4={S, @:} with O4={S},
N4={@:}, where “@:” is the graphemic representation whose
phonemic counterpart is the vowel schwa [@:].

i. Training: Given a foreign word f = [f1, f2, ...fm] and its
transliterated output e = [e1, e2, ...en], let Ti be the function to
assign a letter fi a sub-syllable role in a pseudo-syllable. For
example, the function to assign the first letter of f to the onset
of the second pseudo-syllable is T1 = O2. During training, a
beam search is used to find the role-assignment T for all letters
of the source word such that the sequence of resulting pseudo-
syllables has the same structures as those of the reference
transliterated output. Using the word “KLEINHANS” as an ex-
ample, the assignment function for all letters of the word is T =
[ON1, O2, N2, N2, N2, O3, N3, Cd3, ON3], which results in
4 pseudo-syllables of structures [O,N ], [O,N ], [O,N,Cd],
[O,N ], matching the syllable structures in the reference Viet-
namese output. Note that the role ONi assigned to a conso-
nant indicates that the consonant takes the Onset role of the i-th
pseudo-syllable and a ‘schwa’ is added as the nucleus.

ii. Decoding: During decoding, the role assignment function
T for all letters of f is estimated as:

T ∗ = argmaxT p (T | f) (3)

We model T as a Markov chain of n-gram, with n an even num-
ber:
T ∗ = argmaxT

∏n
i=1 p

(
Ti |

(
fi−n/2, ..., fi+n/2

))
(4)

iii. Smoothing: Ti in Eq. (4) is estimated from a weighted
score of probability of smoothed n-grams:

q (Ti) =
∑n/2

l=0

∑n/2
k=0 ωk,lp

(
Ti |

(
f ′i−n/2, ..., f

′
i+n/2

))
(5)

where (f ′i−n/2, ..., f
′
i+n/2) is a smoothed n-gram such that

given 0 ≤ k, l ≤ n/2 (n is an even number):

f ′j =





fj if i− n/2 + l ≤ j ≤ i+ n/2− k

otherwise

{
C if fj is a consonant
V if fj is a vowel

For example, given the tri-gram of letters (B, E, S), its smoothed
n-grams are {(B, E, S), (C , E, S), (C , E, C ), ..., (V )}.
ωk,l is the weight corresponding to the smoothed n-gram, with
ωk,l > ωk′,l′ for k + l < k′ + l′; for example: ω1,0 (corre-
sponding to (C ,E, S)) > ω1,1 (corresponding to (C ,E,C )).

3.3. Grapheme-to-Phoneme Mapping

Transliteration takes into account (1) graphemes of the source
word, (2) how the word is pronounced in the source language,
and (3) phonological rules of the target language [16][25]. Such
relation can be formalized with the following equation:

e∗ = argmax
e

p (e | f ,v,Lf ) (6)

where e is the phonemes of the transliterated word in the target
language, f and v are the graphemes and phonemes of the orig-
inal word from the source language, and Le is the phonological
rules of the target language. This relationship is simplified in
the proposed model by introducing the sub-syllable role r:

ei,r = argmax
ei,r

p (ei,r | fi, vi) (7)

with ei,r as the phoneme at position r ∈{Onset, Nucleus,
Coda}, of the ith syllable in the transliterated word. fi, vi are
the orthographic and phonetic form of the ith pseudo-syllable.

p (ei,r | fi, vi) is learned from the training data prepared in Sec-
tion 3.2. Pseudo-syllables formulated in Section 3.2 provides a
simplified model of the phonological constraints Le by mod-
eling (1) valid syllables structures in the transliteration output,
and (2) valid phonemes for each sub-syllable role r.

3.4. Lexical Tone Assignment

In most statistical transliteration models, lexical tones are
treated the same as phonetic units of the transliterated output.
Thus, lexical tone assignment depends on large amounts of
training data to be correct [19][29]. Previous studies using tone
assignment to complement output of statistical models have
shown improvement in transliteration performance [30][31].

Phonology studies show that in many tonal languages,
the assignment of lexical tone to a syllable is influenced by
phonemes in that syllable [16][32], and lexical tones assigned
to adjacent syllables (tone sandhi) [33][34]. In this work, we
attempt to use tonal and phonetic context to model tone assign-
ment to a syllable, with no dependence on the target language.

Let t be the lexical tone assignment for a transliterated
word, ti be the lexical tone assigned to the ith syllable of the
transliterated output.

t = argmax
t

∏

i

p (ti | ti−1, (ei,O, ei,N , ei,Cd), ti+1) (8)

with (ei,O, ei,N , ei,Cd) as phonemes at the Onset, Nucleus, and
Coda sub-syllable role of the i-th syllable in the output. The
training data to model lexical tones is the reference transliter-
ated output used in Section 3.2 and 3.3.

4. Transliteration Experiments
4.1. Experimental Setup
i. Low-Resource Corpus: NIST OpenKWS13 Evaluation:
The Vietnamese corpus is released from the IARPA Babel pro-
gram [24] for the NIST OpenKWS13 Evaluation, with a setup
similar to that in [10]; all experiments share the same test set of
140 words.
ii. Implementation Details: The Joint source-channel model
was implemented with Sequitur G2P [23]. A rule-based frame-
work proposed in [10] was used as another reference. In our
proposed model, we use a text-to-phoneme tool for American
English [35] to generate the source language’s phonemes in
Section 3.3 because the majority of words in the corpus are of
English-origin.
iii. Evaluation Metrics:
1) Token error rate (TER): tokens include both phones and
syllable delimiters.
2) Invalid syllable rate (ISR): a syllable is invalid if it does not
exist among syllables extracted from the lexicon.
3) String error rate (SER): any error within a string results in
string error. TER and SER are computed using SCLITE [36].

4.2. Results

From Figures 3a, 3b, and 3c, we see that the proposed model
consistently outperforms the statistical baseline for all three
evaluation metrics, across all the training set sizes.

We analyze in more details the performance of the different
models at different low-resource setups. Table 1 shows that the
proposed system outperforms the baselines at the largest train-
ing data set (588 word pairs): it improves the Rule-based model
by 8.59% relative in TER, and is on par in ISR and SER; it
improves the Joint source-channel model by 22.46% relative in
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Figure 3: Low-resource scenario: Performance of different translitera-
tion models as a function of corpus size (NIST OpenKWS13 dataset).

TER, by 70.3% relative in ISR, and by 10.67% in SER. Table 2
shows that the proposed system also outperforms the statistical
baseline at the smallest training data set (94 word pairs): it im-
proves Joint Source-channel model by 64.90% relative in TER,
by 67.76% relative in ISR, and by 32.34% relative in SER.

The error rates also validate the phonological basis of our
proposed approach. As the proposed model better captures syl-
labic structures and syllables’ boundaries, evident by the much
lower ISR compared to the baseline statistical model at low-
resource scenarios, the overall SER of the output is also lower.

4.3. Further Analysis: Data size vs. Performance Trade-off

To gain deeper insight into the effectiveness of the proposed
approach in comparison with the baselines, we analyzed corpus
size and performance trade-off using a larger corpus (HCMUS
corpus [9]). The setup is the same as [10].

Table 1: Transliteration performance at 588 training word pairs.
Model TER (%) ISR (%) SER (%)

Joint source channel model 23.6 19.0 60.0
Rule-based 19.8 13.6 52.9

Proposed model 18.1 5.63 52.9

Table 2: Transliteration performance at 94 training word pairsa.
Model TER (%) ISR (%) SER (%)

Joint source channel model 66.1 46.0 97.1
Rule-based 19.8 13.6 52.9

Proposed model 23.2 14.8 65.7

aSince the rule-based approach is not statistical in nature, its performance
remains constant regardless of the training set size in Figure 3a-3c and Table 1-2.
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Figure 4: Performance of different transliteration models as a function
of training data size (HCMUS corpus [9]).

As shown in Figures 4a-4c, the proposed model performs
better than the rule-based model in TER for all corpus sizes
larger than 350 words. It is also better than the rule-based model
in all three metrics for all corpus sizes larger than 1,000 words.
The proposed algorithm performs consistently better than the
Joint source-channel model for corpus size up to 1,500 words,
and is on par for corpus sizes larger than 1,500 words. In Fig-
ure 4b, the consistently low ISR across all data sets produced
by our proposed model demonstrates the model’s ability to infer
the most common syllables. However, the less typical syllables
tend to be missed, evident by the earlier plateauing of the pro-
posed model’s performance compared to the baseline statistical
model in Figure 4c. As less typical syllables can still be mod-
eled by the baseline joint source-channel model which permits
joint-units longer than one sub-syllabic unit, the baseline model
is better at reproducing such syllables during decoding.

5. Conclusion
By augmenting the statistical n-gram language modeling with
phonological knowledge, our proposed framework ensures the
transliteration outputs are valid, resulting in lower error rates
compared with baseline approaches in low-resource scenarios.
We are working on generalizing the phonological constraints
from syllable level to word level in order to further improve
the transliteration accuracy. Furthermore, in this work, we
used Vietnamese to demonstrate how often neglected phono-
logical constraints like syllables and lexical tones can be incor-
porated into our proposed approach. Since such phonological
constraints are shared across most languages, we are applying
the proposed approach to more languages such as Cantonese
and Mandarin.
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