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Machine transliteration is automatic generation of the phonetic equivalents in
a target language given a source language term, which is useful in many cross
languageapplications. Transliteration betweenfar distant languages,e.g. English
and Chinese, is challenging becausetheir phonological dissimilarities are signi�-
cant. Existing techniques are typically rule-based or statistically noisy channel-
based.Their accuraciesare very low due to their intrinsic limitations on modeling
transcription details. We proposedirect statistical approaches on transliterating
phoneme sequencesfor English{Chinese name translation. Aiming to improve
performance, we propose two direct models: First, we adopt Finite State
Automata on a processof direct mapping from English phonemes to a set of
rudimentary Chinese phonetic symbols plus mapping units dynamically discov-
ered from training. An e�ectiv e algorithm for aligning phoneme chunks is pro-
posed. Second, contextual features of each phoneme are taken into considera-
tion by means of Maxim um Entropy formalism, and the model is further re-
�ned with the precisealignment scheme using phonemechunks. We compare our
approaches with the noisy channel baseline that applies IBM SMT model, and
demonstrate their superiorit y.

Keywords: Machine Transliteration; Finite State Transducer, Noisy Channel,
Maxim um Entropy, Phoneme; Fertilit y; Evaluation.

1. In tro duction

The absorption of a foreign name into a language is usually a process of adjust-

ing its original pronunciation to suit the phonological regularities of the target

language. This procedure of phonetic translation is called transliteration. For in-

stance, English name “Britain” can be transliterated into Chinese as “

iterat ion. For instance,
s \ Xï–

), which undergoes signi� cant t ransformat ions to adapt the phonological
”
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(/bu lie dian/a), which undergoes significant transformations to adapt the phono-

logical characteristics of Chinese.

Machine transliteration can be forward or backward. Given a name pair (o,
t) , where o is the original in one language and t is the transliterated name of

o in another language, forward transliteration (or transliteration) is converting

from o to t ; and backward transliteration (or back-transliteration) is retrieving

the correct o given t. According to the level of units transcribed, transliteration

can also be classified as phoneme-based and grapheme-based [11]. Phoneme-based

transliteration is done in steps:

(a) convert the words into pronunciation symbols, i.e. phonemes;

(b) transliterate the phonemes of the source language into the counterparts in the

target language;

(c) convert the resultant phonemes to the target words.

Grapheme-based method transcribes graphemes from source words to target words

directly without involving phonetic properties. In our research, we concentrate on

phoneme-based techniques for forward transliteration.

Transliteration is challenging because the decision process is highly ambiguous.

Gold transliteration standard is de facto rather than officially established and sub-

jected to the interpretation of individual producers. In practice, transliterations

are hand-coded using rules of thumb, often inconsistently. Dialectical discrepancies

may further aggravate the ambiguities. It is thus lacking in consistency and robust

phoneme-phoneme transformation criterions. Table 1 lists some transliteration dis-

crepancies found at some news portals from the Chinese mainland, Hong Kong and

Taiwan. Although each region uses its respective set of transliteration rules due to

dialect distinctions, we often observe inconsistent transliterations in a same region.

The reason is that a transliteration initiated in a region can spread over the entire

Chinese language community, being widely accepted later on.

In phoneme-based transliteration, grapheme-to-phoneme transformation and

pinyin-to-hanzi conversion are well studied in the related areas such as Text-To-
Speech for speech synthesis and intelligent Pinyin input methods. In this regard, our

work focuses on the intermediate processes of transliterating phoneme sequences,

where we assume the results of the other two processes can be reliably acquired. We

will investigate the problems of traditional transliteration methods and develop im-

proved models to overcome the recognized drawbacks. We will also experimentally

compare our proposed techniques with the state-of-the-art transliteration systems.

The rest of this paper is organized as follows: Section 2 presents a survey on the

related work; Section 3 addresses the limitations of noisy channel model for English–

Chinese transliteration using IBM SMT toolkits as a case study; Section 4 proposes

a direct transliteration model using finite state automata to partly overcome the

aMandarin pinyin is used as phonetic representations of Chinese characters throughout this paper.
For simplicit y, we ignore the four tones in the pinyin system.
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Table 1. Some transliteration confusions found in news portals in three major regions
(Chinese mainland, Hong Kong, Taiwan) of Chinese language communit y.

Foreign Name Chinese Translit erat ions M ainland Hong K ong Taiwan

• É / ai t a/
p

„ É / ai t a/
p p

ƒ ˜ H / a gai da/
p pA l Qaeda

˜ H / gai da/
p p p

ý n ~ / ben la deng/
p p p

5 n ~ / bin la deng/
p p p

ý n [ / ben la dan/
p pBin Laden

5 n [ / bin la dan/
p

“ l / an ran/
p p p

“ � / an long/
p p p

“ � / an long/
p p p

� � / en long/
p p

Enron

� � / en long/
p

{¬ O / hou sai yin/
p p

0É / hai shan/
pHussein

-É / ha shan/
p

©� / sa si/
p p p

Â , / sha shi/
p p pSARS

Â � / sha si/
p p

drawbacks of the baseline; Section 5 proposes an improved direct transliteration

model and refine it by incorporating contextual features of neighboring phoneme

dependencies; the experimental evaluations are made on the noisy channel baseline

and our proposed models in Section 6. Finally, Section 7 concludes the paper and

discusses future work.

2. Related Work

2.1. Rule-based approac h

[18] first develops a grapheme-based transliteration mechanism from English proper

nouns to Chinese for a multilingual text generation system where they use hand-

crafted rules. The algorithm syllabifies English words based on a rule set and in-

stance learning. The syllabification module identifies syllable boundaries based on

consonant clusters and vowels. A sub-syllabification procedure then divide each

identified syllable into the form of consonant-vowel to conform to the mono-syllabic

nature of Chinese. The sub-syllables are then mapped to the pinyin equivalents

and consequently to the Chinese characters by means of two handcrafted mapping

tables. This approach is ad-hoc and dialect dependant. No report on its performance

is given.



Final Reading
August 31, 2006 11:52 WSPC/162-IJCPOL 00139

66 Wei Gao and Kam-Fai Wong

2.2. Hybrid learning approac h

[12] presents a hybrid learning algorithm for transliterating Out-Of-Vocabulary

(OOV) names from English to Chinese in the context of Cross-Language Spoken

Document Retrieval. They first use a set of handcrafted phonological rules by adding

or dropping proper phonemes to normalize English syllables into consonant-vowel

format. This aims to overcome some of the phonological differences between the

two languages. The process of cross-lingual phonetic mapping (CLPM) then ap-

plies a set of automatically generated one-to-one phonetic transformation rules to

map English phonemes to their Chinese counterparts. These rules are learned from

aligned parallel data using transformation-based error-driven learning (TEL) [3].

The pinyin syllabic constraints are then added to the Chinese phoneme sequences

generated by CLPM for eliminating the errors in the sequences. Finally, a syllable

bigram language model is applied together with the probabilities derived from the

confusion matrix, which is obtained from the mapping differences between reference

phonemes and output phonemes, to find the most probable syllable sequence. One

shortcoming is that the manually enumerated rules initiated for CLPM are unable

to balance all the phonological discrepancies of two names. This may introduce

errors to probability estimation in later stages.

2.3. Data-driv en approac h

[17] describes a fully data-driven approach for English–Chinese transliteration using

IBM SMT model [4], which is based on the framework of noisy channel model

(NCM). When applied to English–Chinese transliteration, the model becomes

Ĉ = argmax
C

Pr(C|E ) = argmax
C

{Pr (E |C) × Pr (C)}

= argmax
c|C|

1

n
p�

�
ejE j

1 |cjC j
1

�
× p


�
cjC j

1

�o
(1)

where E = ejE j
1 denotes a |E |-phoneme English word as the observation on channel

output, and C = cjC j
1 represents E ’s |C|-phoneme Chinese translation by pinyin

as the source of channel input. The channel decoder reverses the direction, i.e. to

find the most probable input pinyin sequence given an observation E. The pos-

terior probability Pr(C|E ) is indirectly maximized by optimal combination of the

transliteration model Pr(E |C) and the language model Pr(C). We use p(:) to denote

model-based distributions with particular assumptions in contrast to the general

distributions Pr(:). � and 
 are the parameters associated with the two models.

The transliteration model Pr(E |C) is trained from name pairs represented in

International Phonetic Alphabet (IPA) symbols at the English side and pinyin

notations at the Chinese side. Standard bootstrapping of GIZA++b [1] is applied

in training. The language model Pr(C) is trained on trigr am of pinyin symbols

b http://www.isi.edu/ � och/GIZA++.h tml.
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with Good-Turing smoothing and Katz back-o� using CMU-Cambridge language

modeling toolkitsc [5]. USC-ISI ReWrite Decoderd [8] is used for searching. The

Festival speech synthesis systeme is employed to convert English names into their

phonetic representations.

3. Limitations of NCM-Based Transliteration

The rule-based has obvious limitations for applications. The hybrid method has

been compared with NCM by [17], in which the results in terms of pinyin error rates

verify that the latter outperforms the former. We have keen interest to identify the

limitations of the well-known IBM SMT model for English–Chinese transliteration

so that we will be able to come up with solutions for its drawbacks and with new

methods that perform better.

Problem 1

The model has a tight constraint on mapping relationship between the source and

target phonemes, under which one English phoneme can never be converted to

a group of contiguous Chinese pinyin symbols. The limitation results from the

difficulty due to conditioning on C in the inverted conditional probability Pr(E |C)

as the transliteration model is unable to detect possible contiguous combinations

of target phonemes prior to training.

Figure 1 uncovers this obvious limitation, where /u/ and the second /i/

in the third line have to be considered as zero-fertility “words”. Typical zero-

fertility pinyin symbols collected by GIZA++ training include {i; e;u; o;ou; ie; · · ·},
which are finals that usually form syllables with their previous syllable initials.

In fact, such syllables are initial-final clusters which are aligned to single English

phonemes, such as /F/→/fu/ and /S/→/si/ in the example. Zero-fertility symbols

are “deleted” by noisy channel during training and stochastically “reproduced” dur-

ing decoding. Reproduction is done by the AddZfert operation [8], which inserts a

possible zero-fertility symbol before each target symbol of each remaining unaligned

source phoneme. Zero-fertility symbols are unavoidable since NCM does not allow

for one-to-many mappings from source to target symbols, which results from the

reversed priori conditional probability. Because the prediction for zero-fertility posi-

tion is entirely stochastic, the model would be less capable of predicting zero-fertility

finals that are very likely to stick to their preceding initials.

Problem 2

Due to smoothing, the language model may not assign zero probability to an illegal

pinyin sequence that is unobserved in the training data, e.g. one containing two

chttp://mi.eng.cam.ac.uk/ � prc14/to olkit.h tml.
d http://www.isi.edu/license-sw/rewrite-deco der/.
ehttp://�fe.sp eech.cs.cmu.edu/festiv al/.



Final Reading
August 31, 2006 11:52 WSPC/162-IJCPOL 00139

68 Wei Gao and Kam-Fai Wong

Figure 1. The English-to-Chinese transliteration example using IBM SMT model in
Ref. [17].

consecutive initials. Such sequences are required to be corrected by inserting suitable

finals between them until a legitimate pinyin sequence is obtained [17]. Although

this could fix illegitimate pinyin, it would produce wrong transliterations as the

insertion of a final has no probabilistic basis.

We observe that consecutive initials can come from the model stochastically

predicting positions for zero-fertility symbols. For instance, for /K L IH N T IN N/

(Clinton) which should be transliterated into /ke lin dun/ (
ances, for /K L IH N T

un/ ( . õ î ), if the model is

unable to correctly predict that there should be a zero-fertility /e/ inserted between

/k/ and /l/ in the transliteration, the consecutive initials /kl/ would result. This

would leave the correction to be done by groundless insertion trials.

Problem 3

Transliteration model Pr(E |C) is approximated by Markov chains [16]. The Markov

model is implemented primarily under two assumptions: Markov assumption (first-

order or second-order) on state transition and conditional independence assumption

on observation. Markov assumption hypothesizes that transition probability to a

state (i.e. Chinese pinyin symbol), depends only on its immediate previous one or

two states. Conditional independence assumption assumes that an observation unit

(i.e. English phoneme), depends only on the state (i.e. Chinese pinyin symbol) that

generates it, and not on its neighboring observation units. With these assumptions,

it is hard to extend the model with additional dependencies [14], such as features

of neighboring phonemes on both sides. Albeit the trigram language model Pr(C)

is combined, it can only make use of a short history in the target language context.

Problem 4

Since the training of the language model is independent of the transliteration model,

their combination sometimes may yield unpredictable results. Empirically, Eq. (1)

cannot be optimal unless true probability distribution of the two individual portions

are used. Yet the used models and trained methods in machine translation only

provided poor approximations of true distributions [14]. This implies that it is

difficult for the transliteration model to achieve optimality.
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4. Direct Transliteration Mo deling

In the example of Figure 1, we observe that it would be more natural and easier to

handle if /f-u/ and /s-i/ were treated as initial-final cluster converted from single

English phonemes /F/ and /S/, respectively. This can avoid the side effects resulted

from zero-fertility symbols described in Problem 1 and Problem 2. Different

from NCM, therefore, we propose to estimate the posterior probability directly. We

adopt a different angle of observation to avoid the use of the reversed conditional

probability, i.e., to condition on E rather than C. Figure 2 shows the application of

the alignment scheme of our approach to the previous example shown in Figure 1.

Figure 2. The phoneme alignment scheme in direct transliteration modeling.

4.1. Soundness of direct mo del

We substitute Pr(E |C) by Pr(C|E ) in Eq. (1) resulting in the following transliter-

ation method:

Ĉ = argmax
C

Pr(C|E ) = argmax
C

{Pr(C|E ) × Pr(C)}

= argmax
c1 c2 ::: c|C|

n
p�

�
cjC j

1 |ejE j
1

�
× p


�
cjC j

1

�o
(2)

Pr(C|E ) aims to produce the most likely transcriptions for a given E , but badly-

formed pinyin sequences may result. The language model Pr(C) is introduced to

make corrections, e.g. eliminating illegal pinyin strings and yielding better ranking

of the resulting syllables. Although Eq. (2) is beyond Bayes’ theorem, it is math-

ematically sound under the more general Maximum Entropy (MaxEnt) framework

[2, 14].

MaxEnt is a well-founded framework for directly modeling the posterior prob-

ability, where a set of M feature functions f m (E; C) and their corresponding

model parameters � m ( m = 1; : : : ; M ) are introduced. According to [14], direct

transliteration probability can be approximated by:

Pr (C|E ) ' p� M
1

(C|E ) =
exp

nP M
m =1 � m · f m (E; C)

o

Z � M
1

(E )
(3)
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where the denominator

Z � M
1

(E ) =
X

C ′

exp

(
MX

m =1

� m · f m (E; C0)

)

is a normalizing constant determined by the requirement that
P

C ′ p� M
1

(C0|E ) = 1

for all E . C0 denotes all possible Chinese transliterations for the given E .

The computation for the normalizing constant is very time-consuming, but it is

not required for maximization (search) process [14]. We could then obtain the target

sequence Ĉ that maximizes the posterior probability by omitting the denominator:

Ĉ = argmax
C

Pr (C|E ) = argmax
C

(

exp

"
MX

m =1

� m · f m (E; C)

#)

: (4)

We can select two feature functions and their parameters:

f 1(E; C) = log p� (C
jC j
1 |E jE j

1 )

f 2(E; C) = log p
 (C jC j
1 )

� 1 = � 2 = 1 :

Thus, Eq. (2) obtains a combination of direct transliteration model p� (c
jC j
1 |ejE j

1 )

and target language model p
 (cjC j
1 ) with respect to model parameters � and 
 . The

optimal parameters are estimated individually from the parallel training corpus.

4.2. Alignmen t of phoneme chunks

We introduce alignment indicators between a pair of sound sequences, E and C.

Within 39 English phonemes and 58 pinyin symbols (see Section 6.1), there are

always some indicative elements, i.e. indicators, which facilitate alignment. For

English, they are all the consonants, vowel at the first position, and the second

vowel of two contiguous vowels. Correspondingly in pinyin, they are all the initials,

final at the first position, and the second final of two contiguous finals. We define

the following variables:

(1) � (S) is the number of indicators in sequence S, S ∈ {E; C};

(2) t(E; C) = max {� (E ); � (C)}, represents the maximum number of indicators in

E and C;

(3) d(E; C) = |� (E ) − � (C)|, is the difference in the number of indicators for E
and C.

We chunk E and C by tagging the identified indicators and compensate the

one with fewer indicators by inserting d number of mute " at its min {� (E ); � (C)}

possible positions ahead of its indicators. " is practically an indicator defined for

alignment. This ensures that both sequences end up with the same number of

indicators. The t chunks separated by indicators in E should align to the corre-

sponding t chunks in C in the same order. They are called alignment chunks. There
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are ‖A‖ =
� d

t

�
=

t!
(t − d)!d!

number of possible alignments at chunk-level with

respect to different positions of " .
This method can assure that each chunk contains two sound units at most. Thus,

in a pair of aligned chunks, only three mapping layouts are possible for individual

phoneme elements, i.e. individual consonants, vowels, initials and finals:

(1) e-to-c1c2: The alignment at phoneme level would be kept as e-to-c1c2, where

c1c2 is considered as an initial-final cluster.
(2) e1e2-to-c1c2: The alignment at phoneme level would be extended to e1-to-c1

and e2-to-c2. Note that this condition will not generate new alignment. Thus,

the overall number of alignment remains unchanged.

(3) e1e2-to-c: By adding an additional " at C side, the alignment at phoneme level

would be extended to e1-to-c and e2-to-" or e1-to-" and e2-to-c. In this case,

one more new alignment will be produced and we update ‖A‖ = ‖A‖ + 1.

4.3. Transliteration mo del training

4.3.1. EM Training for symbol-mappings

We apply EM algorithm [10] to find the Viterbi alignment (the most probable

alignment) for each training pair. The training process is as shown in Algorithm 1.

Algorithm 1. EM training algorithm for Viterbi alignment and symbol-mapping

probabilities.

1: Initialization: For each English–Chinese pair, assign equal weights to all align-

ments generated based on phoneme chunks as ‖A‖� 1.

2: Expectation: For each of the 39 English phonemes, count the instances of

its different mappings from the observations on all alignments produced. Each

alignment contributes counts in proportion to its own weight. Normalize the

scores of the mapping units it maps to so that the mapping probability sums

to 1.

3: Maximization: Re-compute the alignment scores. Each alignment is scored

with the product of the scores of the symbol mappings it contains. Normalize

the alignment scores so that each pair’s alignment scores sum to 1.

4: Repeat: Repeat steps 2–3 until the symbol-mapping probabilities converge,

meaning that the variation of each probability between two iterations becomes

less than a specified threshold.

Pr(C|E ) is estimated by EM training on the data set BASE-DATA (see Section

6.1) with 41,674 parallel instances. Compared to the brutal force alignment compu-

tation [10], our EM training based on alignment of phoneme chunks produces sig-

nificantly fewer possible alignments. Thus fewer possible symbol-mappings for each
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Table 2. Example of phoneme alignment in model-3.

Stanford
1 2 3 4 5 6 7
S ε T AE N F ER D
s i t an f u nul l
1 2 3 4 5 6 0

„ â t

Table 3. Sample Viterbi alignments learned by EM Training.

Foreign Name Chinese Transl i t erat ion V i ter bi A l ignment Found Weight
S H  I  H  R  E  H  L  I  YCirel l i Û�¼
qi l ei l i

1.000

K  OW  L  I  Y  E  RColyer )¼�
k e l i er

1.000

B  R  A E  GBrag Y nÂ
bu l a ge

1.000

K  E  R  A A  M  I  YK arami �n²
k a la m i

1.000

D  E  H  L  E  R  I  H  SDelor is y b °
d e l uo l i "

1.000

S H  OW  N  W  A O  L  DSchoenwald ð �f�y
sh e en w a er de

0.993

HH  AW  S N  E  RHausner £„ �
ao " si n ei

1.000

HH  A H  D  I  H  CH  E  H  KHudecek ‡ y # .
h u d e q ie ke

1.000

B  R  E  R  "  L  I  YBrear ley Y °�¼
bu l i er l i

0.998

A E  N  A H  T  OW  LA nat ole �� W�
a n a t uo er

1.000

... ... ... ...

English phoneme are involved. Mappings crossing chunks are also avoided. There-

fore these symbol-mappings tend to be more accurate. For each English–Chinese

pair, the Viterbi alignment is found whose alignment score (weight) approaches

1 with the increase of iteration times. Table 3 shows the randomly selected sam-

ple Viterbi alignments from EM training. Table 4 shows the top-4 pinyin symbol-

mapping probabilities for each English phoneme after EM converges at a predefined

threshold of 1:0e− 4.

The mute " is introduced to both sides of the phonetic alphabets during

the processing of phoneme chunks. It plays an important role for carrying out

“virtual mapping” to reduce the errors resulted from zero-fertility symbols in NCM.

The EM training initiated with alignment based on phoneme chunks automatically

calculates the mapping probabilities from each English phoneme to not only individ-

ual initials and finals, but also to initial-final clusters. From the training instances,

the algorithm identifies these clusters, e.g. /d-e/, /k-e/, /s-i/, /t-e/, etc. They are

dynamically appended in pinyin inventory as additional candidates for transcrip-

tions from English phonemes like /D/, /K/, /S/, /T/, etc.
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Table 4. English phonemeswith probabilistic mappings to Chinese pinyin sound units.

e c p(cje) c p(cje) c p(cje) c p(cje)

AA a 0.61923 uo 0.09505 e 0.07352 o 0.06314
AE a 0.86606 ia 0.03544 " 0.02509 ai 0.01867
AH a 0.39206 e 0.19805 u 0.10216 i 0.07872
AO uo 0.25501 o 0.17831 ao 0.15931 e 0.15428
AW ao 0.55706 uo 0.11303 u 0.09228 a 0.08996
AY ai 0.51124 i 0.22925 ei 0.09985 a 0.06756
B b 0.75535 bu 0.20321 w 0.00789 bi 0.00786

CH q 0.42866 qi 0.15122 ch 0.11413 x 0.05970
D d 0.61585 de 0.29259 " 0.06035 er 0.00629

DH s 0.46763 t 0.20863 x 0.07914 si 0.07194
EH ei 0.32765 e 0.22758 ai 0.22453 a 0.05100
ER e 0.38604 ei 0.14128 a 0.10870 o 0.10745
EY a 0.38817 ai 0.22236 ei 0.20053 e 0.05488
F f 0.60277 fu 0.37734 fei 0.00766 p 0.00227
G g 0.39740 ge 0.29644 j 0.17965 " 0.04828

HH h 0.65573 x 0.08640 a 0.06690 ai 0.04911
IH i 0.70619 ei 0.11094 e 0.05979 e 0.03180
IY i 0.70956 ei 0.11083 ai 0.05104 e 0.03432
JH j 0.31634 y 0.13153 g 0.10053 qi 0.07931
K k 0.43570 ke 0.31736 j 0.11575 " 0.02968
L l 0.60161 er 0.34286 " 0.01379 le 0.01196
M m 0.77637 mu 0.10848 n 0.05647 ng 0.03167
N n 0.79253 ng 0.16759 nei 0.01292 na 0.00682

NG n 0.55059 ng 0.33577 g 0.07692 r 0.01033
OW uo 0.45049 e 0.19401 o 0.13831 ao 0.08572
OY uo 0.33626 u 0.21314 o 0.20175 e 0.08224
P p 0.54823 pu 0.25763 b 0.16020 pei 0.01624
R l 0.69558 er 0.14198 � 0.13104 e 0.00816
S si 0.41800 s 0.26173 x 0.08858 shi 0.07538

SH shi 0.33762 sh 0.32755 x 0.22805 q 0.01116
T t 0.38772 te 0.30403 d 0.14454 " 0.11809

TH si 0.27598 s 0.19066 te 0.18676 t 0.16177
UH u 0.71079 i 0.06220 o 0.05288 " 0.02813
UW u 0.57044 " 0.10436 i 0.05350 iu 0.04428
V w 0.66063 f 0.12757 fu 0.10999 b 0.07295
W w 0.77548 h 0.06043 k 0.04924 a 0.02539
Y y 0.37204 " 0.19440 h 0.05758 w 0.04427
Z si 0.44383 s 0.08952 z 0.06873 ci 0.06819

ZH r 0.25000 j 0.17391 x 0.11778 y 0.09799
" er 0.33699 yi 0.13621 n 0.11528 e 0.08478

4.3.2. WFST for phonetic transition

We then build a WFST using AT&T FSM libraryf based on the symbol-mapping

probabilities in Table 4 for the transcription of an input English phoneme sequence

f http://www.researc h.att.com/ � mohri/fsm/.
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into its possible pinyin symbol sequences. Each arc carries the transition infor-

mation from an English phoneme to its pinyin counterparts as well as their tran-

sition cost, which is given by 1 − p(c|e). There are about 2,666 arcs included in

the actual automata. Note that arcs like [/AA/:/uo/|0.904], whose output symbol

includes multiple characters, are split into multiple arcs, i.e. [/AA/:/u/|0.904] and

[/"/:/o/|0.0] joined by an intermediate node. This is for the following pinyin syllable

transducer for pinyin syllable segmentation being able to connect with it.

Many of the pinyin symbol sequences produced by WFST cannot be correctly

syllabified or include illegitimate pinyin syllables as the transducer itself has no

knowledge about pinyin’s regulations. Actually only 396 of 23 ∗ 25 possible combi-

nations of initials and finials can constitute legal pinyin syllables. Legal syllables

can be easily collected from Chinese lexicons in the corresponding Romanization

systems by using an automatic scanning program. We automatically collect these

legal syllables from the pinyin part of BASE-DATA (see Section 6.1). Based on this

knowledge, we construct a FST with about 1,284 arcs. The composition between

the FST and the previous WFST can eliminate illegal pinyin symbol sequences and

segmenting legal sequences into syllables.

4.4. Language mo del training

A syllable-based bigram language model of pinyin is trained using the Chinese part

of the same 41,674 training instances in BASE-DATA (see Section 6.1), on which

the transliteration WFST was built. The model Pr(C) is approximated by counting

the frequencies of syllable occurrences in this data set using the equation:

Pr(C) '
Y

i

p(ci |ci � 1) =
Y

i

count(ci � 1ci )

count(ci )
(5)

where ci is the pinyin syllable of a Chinese character.

We then implement the bigram model using a WFSA with one state for each

item in the pinyin syllable vocabulary. Between each pair of states, say x=y, there is

a single transition whose label is the syllable y and whose probability is p(y|x). We

then add a special final state with transitions leading to it from every other state

labeled by " with probability 1.0. Finally, a start state is added with transitions to

every state y with label y and probability p(y). WFSA is used to re-rank the pinyin

syllable sequences yielded by the k-best path algorithm from the composition of

the previous two transducers. The actual automata includes 330 states and 12,274

arcs corresponding to the syllables and bigram dependencies in training corpus.

4.5. Search algorithm

Given an input English phoneme sequence, it is first built as an input FSA. Search-

ing could be conducted by successive compositions of the input FSA with the three

automatas from training process using the composition algorithms provided by
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AT&T FSM toolkits [13]. However, if the language model is applied to the entire

space of syllables generated by the previous two transducers, we could hardly obtain

correct transliterations because short hypotheses were ranked high by the k-shortest

path algorithm [7]. We apply bigram search to only the first m candidates produced

by the transducers for each given English name. m is empirically set as 250. The

function of the language model is to re-rank the m candidates according to bigram

dependencies. Although this may cause possible loss of optimal hypotheses, it can

significantly reduce searching errors. Another reason to use only m candidates is

that the search space of the syllables generated by the transducers is extremely

large, which renders the search process very time-consuming. We only output the

top-1 transliterations from those re-ranked m candidates.

5. Con text Sensitiv e Direct Transliteration

Problem 3 indicates the difficulties to expand IBM SMT to consider flexible

context information. Problem 4 suggests that leveraging separate transliteration

model and language model to achieve the best results out of their combination is

difficult. According to Eq. (4), we can choose flexibly the feature functions f m .

Thus, the language model can be considered as an optional feature under the Max-

Ent framework [14]. Now we further address these two problems using context

sensitivity of phonemes.

5.1. Basic transliteration mo del

In [2, 4], a translation model is given by the following formula:

Pr(C|E ) =
X

A

Pr(C; A|E ) ≈ p(C; Â |E ) (6)

where A denotes the hidden parameter for alignment between E and C, and Â is

the Viterbi alignment. p(C; Â |E ) can be derived from the “basic translation model”

in [2]:

p(C; Â |E ) =

jE jY

i =1

p(n(ei )|ei ) ×

jC jY

j =1

p(cj |eaj
) × d(Â|E; C) (7)

where p(n(ei )|ei ) is the probability that the English phoneme ei generates n(ei )

number of pinyin symbols, i.e. the fertility of ei ; p(cj |eaj
) is the probability that

the English phoneme eaj
generates the pinyin symbol cj . For every pinyin symbol

position j in C, aj is the phoneme position in E of the English phoneme that maps

to cj in the given alignment Â; and d(Â |E; C) is the probability of the particular

order of pinyin symbols, i.e. the distortion probability when the target symbols are

generated.
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The distortion probability is originally a parameter taking care of particular

order of the target words in machine translation and is unnecessary in our task

since the order of generated pinyin symbols strictly follows the order of the source

English phonemes. Thus it can be dropped. Furthermore, we simplify p(cj |eaj
) to

reduce parameters. We introduce the Chinese pinyin mapping units (cmu) of each

ei denoted by cmui , which can be individual pinyin symbols or clusters of initials

and finals. In an alignment, each English phoneme aligns to only one cmu. Thus,

the parameter p(n(ei )|ei ) can also be removed. Then p(C; Â |E ) is approximated

by:

p(C; Â|E ) ≈

jE jY

i =1

p(cmui |ei ) : (8)

The unknown cmus (initials, finals, or clusters) can be discovered “on the fly”

during EM training according to Section 4.3. In fact, they can also be obtained

by the EM algorithm in GIZA++ by reversing the order of E and C in the NCM

training.

5.2. Using contextual features

Equation (8) approximates poorly as no contextual feature is considered. We look at

transliteration as a classification problem for each phoneme in the sequence, which

is to predict the most probable cmu according to various contextual constraints.

This leads to better approximation:

p(C; Â |E ) '

jE jY

i =1

p(cmui |hi ) (9)

where hi is the history or context of ei , which can be defined as follows:

hi = {ei ; ei +1 ; ei +2 ; ei � 1; ei � 2; cmui � 1; cmui � 2} : (10)

The context of an English phoneme is defined as its left-two and right-two neigh-

boring phonemes plus the two cmus at pinyin side, to which its left-two phonemes

align.

5.3. MaxEn t probabilit y estimation

For each e in a given pair of {e1; e2; : : : ; en} and {cmu1; cmu2; : : : ; cmun}, its con-

ditional transliteration probability to produce cmu with respect to its contextual

history h can be computed by

p(cmu|h) =
p(h; cmu)

P
cmu ′2 
 p(h; cmu0)

(11)

where Ω is the set of all cmus mapped from e observed in the training data, and

p(h; cmu) is the joint probability distribution of observing h and cmu simultane-
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ously. p(h; cmu) can be trained using maximum likelihood estimation, i.e. to find

the model p� (h; cmu) that maximizes the likelihood of the training data:

p� = argmax
p

L (p)

where � is the model parameter.

By introducing a set of “features” {f 1; f 2; : : : ; f m } and their corresponding pa-

rameters � = {� 1; � 2; : : : ; � m } to express observed events, say (h; cmu), in the data,

this model can also be obtained under the well-established MaxEnt formalism, in

which the goal of the model is to maximize the entropy of the distribution under

certain constraints [2]:

p� = argmax
p

H (p)

where

H (p) ≡ −
X

h;cmu

{p(h; cmu) log p(h; cmu)}

and constraints are given by

E (f i ) = Ẽ (f i ); 1 ≤ i ≤ m (12)

E (f i ) is the feature expectation of the model defined and Ẽ (f i ) is the feature

expectation of the empirical distribution obtained from training data.

These two expectations are forced to be equivalent in Eq. (12) under the re-

striction that the inferences from the model should match with observations from

the real data. This constrained optimization problem is to find the model that has

the form [6, 15]:

p(h; cmu) = �
mY

j =1

� f j (h;cmu )
j (13)

where {�; � 1; � 2; : : : ; � m } are the model parameters and {f 1; f 2; : : : ; f m } are binary-

valued features functions. Each parameter � j corresponds to a feature f j . If p has the

form Eq. (13) and satisfies constraint Eq. (12), it uniquely maximizes the entropy

H (p) over distribution p. The model parameters for the distribution p(cmu; h) can

be obtained via the Generalized Iterative Scaling (GIS) algorithm [6, 15].

5.4. Feature selection

Theoretically, a feature can be generated from any possible contextual knowledge

without restrictions. However, considering the computational complexity, the scope

of the history usually reduces to a relatively practical range. The general feature

set we used in experiments are listed in Table 5. It acts as the templates used for

extracting features from training corpus. X ;Y ;Z are called instantiations variables,

which are instantiated automatically by the corresponding English phonemes and

pinyin cmus from the training set. |VE| and |VC| are the sizes of English phoneme
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Table 5. Contextual feature templates in the context sensitive direct model.

Category Contextual Feature Templates # of Possible Features

1 ei = X and cmu i = Z jVE j � jVCj

2 cmu i � 1 = X and cmu i = Z jVCj2

3 cmu i � 2cmu i � 1 = X Y and cmu i = Z jVCj3

4 ei � 1 = X and cmu i = Z jVE j � jVCj

5 ei � 2 = X and cmu i = Z jVE j � jVCj

6 ei +1 = X and cmu i = Z jVE j � jVCj

7 ei +2 = X and cmu i = Z jVE j � jVCj

Table 6. A given alignment in training data.

Position 1 2 3 4 5 6 7 8 9 10 11
English F R AE N S IH S T EY L ER
Pinyin fu l ang " x i si t ai l e

Table 7. Features extracted from h7 =/S/ for predicting cmu7=/si/.

Feature Contexts Feature Predictions

f eatur e1 : ei =/S/ and cmu i =/si/
f eatur e2 : ei � 1 =/IH/ and cmu i =/si/
f eatur e3 : cmu i � 1 =/i/ and cmu i =/si/
f eatur e4 : ei � 2 =/S/ and cmu i =/si/
f eatur e5 : cmu i � 2 =/x/ and cmu i � 1 =/i/ and cmu i =/si/
f eatur e6 : ei +1 =/T/ and cmu i =/si/
f eatur e7 : ei +2 =/EY/ and cmu i =/si/

vocabulary and pinyin cmu vocabulary, respectively. For example, given an aligned

pair of phoneme-pinyin sequences in Table 6 and the current English phoneme e7,

the features with respect to its context h7 and its prediction cmu7 can be extracted

from the data as shown in Table 7.

5.5. Con text sensitiv e direct mo del training

This model is trained on BASE-DATA (see Section 6.1) with the following two

steps:

1. Using EM iterations in GIZA++ to obtain Viterbi alignment of each pair of

names in the training set. The bootstrapping settings were the same as IBM

SMT model training in [17]: 5 EM iterations of Model-1 followed by 5 of Model-

2, 10 of Model-HMM and 10 of Model-4. Note that the direction of estimation

is from E to C directly instead of the opposite direction in NCM training.
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Table 8. Somephonemecum mappings discovered by EM training before (b/r) and after
re�nement (a/r).

AA iang ch aw ao an uan ai aa eng ong ie ve ia w u o uo e ue . . .
AE ao an ai ab ie ia o uo ui a " ian ei ang . . .
AH iang axue ou ao an uan aitian ai eng ata aotian ong iu ie . . .
AO ou aw ao an ai aie ong ie ia w u o uo i f e ue a ua iao " . . .
AW uow ou uok uoh uof of aw ao hao an af ab azhsheng ash iu w u . . .
AY iaai jing uoy wei ay ar an hai ai uai ah uaiy aiy aiai aii aih rong . . .

b/r

. . . . . .

AA du ou luo yue ao ai ng mi lo le la ya xi sha wo we wa chi ie . . .
AE ao ai ng la ya wa ie ia u o uo lao i ui e a i ao " ei . . .
AH sai da kai pi lie ou luo wei yue qia ao ai ni hai ng na . . .
AO xiao ou luo yue ao ai yu lo la wo we wa ie ia u o uo huo lao i . . .
AW ou luo bi ao ai wu you iu w u hu o uo i e a i ao " ei . . .
AY da ci pa wei yue ba ao ai li yi ye ji iu ie ia v u ho o uo l i . . .

a/r

. . . . . .

2. Aligned training instances were then passed to GIS algorithm [2, 15] for training

the MaxEnt model parameters. This fulfilled training the models considering the

contextual features that can transliterate phoneme sequences of given English

names into pinyin sequences.

We use the cut-off to ignore features that occur less than 10 times in the training

data since their statistics may not be reliable [15]. After training, we randomly select

the possible cmus corresponding to each English phoneme from the training output,

which are shown in the upper part of Table 8. We find two obvious problems of the

method:

(1) De�ciency-1 : Out of a total of 246 cmus identified, many are illegal clusters,

such as /aw/, /axue/, /aie/, /af/, . . . , etc. Some are unfavorable “final-initial”

clusters, which might or might not constitute legitimate pinyin sequences de-

pending on the pinyin symbols which followed. By no means can we prevent

badly-formed cmus from happening using GIZA++ training because it is com-

pletely data-driven. Unfavorable symbol-mappings and alignments are unavoid-

able if such mappings dominate the training data, e.g. the first phoneme /F/

maps to /f/ and the second one /R/ maps to /ul/. This results in illegal pinyin

sequences and gives rise to a large number of incorrect cmus.

(2) De�ciency-2: Due to compound pinyin finals, two consecutive English

phonemes may map to a single pinyin symbol, such as mapping from

/AE N/ to /ang/ (see Figure 1). However, this is not allowed in our direct

models, in which one of the contiguous English phonemes must be mapped to

the " . In the first direct model, they are considered mapping to " in turn within

the chunk and contribute to one more phoneme-level alignment (see Section

4.2). In GIZA++ training of context sensitive model, they are considered as
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Figure 3. Our re�ned phoneme alignment scheme in direct transliteration modeling.

zero-fertility symbols. Note that these zero-fertility symbols become English

phonemes as the direction of GIZA++ training is reversed here. This approach

is inaccurate because there are possible many-to-one mappings from English to

Chinese phonemes.

5.6. Re�ning the context sensitiv e mo del

These deficiencies motivate us to refine this model by improving the alignment

scheme and reducing the size of pinyin inventory. We propose two corresponding

solutions.

5.6.1. Solution-1

We replace the EM training of GIZA++ by the EM training initiated by the

alignment of phoneme chunks for the first direct model (see Section 4.3). This aims

to reduce the number of badly-formed cmus by avoiding mappings across phoneme

chunks. The alignment scheme based on phoneme chunks can also decrease the

number of possible cmus of each English phoneme.

5.6.2. Solution-2

We refine the data by decomposing the set of compound finals into multiple basic

finals to reduce the size of the vocabulary in the target language. The original map-

ping of /AE N/→/ang/ in Figure 1 is then broken into /AE/→/a/ and /N/→/ng/

as shown in Figure 3. We identify 12 of 35 compound finals and finally end up with

a reduced set of final inventory with 24 basic units.

5.6.3. Re�ned context sensitive model training

We re-train the refined model, in which the EM algorithm using the phoneme-

pinyin alignment scheme based on phoneme chunks in Section 4.3.1 is applied. A

decomposition process that decomposed compound finals to basic finals is also in-

cluded. We compare the training outcomes in terms of the number of contexts,

cmus and features identified (see Table 9). The refined model identifies more con-

texts and features, but generates fewer possible cmus. Again, the possible cmus
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Table 9. Information obtained from training of context sensitive model before (b/r) and
after re�nement (a/r).

Mo del Training Size cut-o� # of contexts # of cmus # of features

b/r 41,674 10 1,258 246 13,171

a/r 41,674 10 1,282 195 13,933

corresponding to each English phoneme are randomly selected and shown in the

lower part of Table 8. We note that the quality of the cmus identified is improved

(all the cmus are either individual initial/finals or legal initial-final clusters). This

justifies the effectiveness of the refinement.

5.7. Search algorithm

The testing procedure is as follows. Given an English phoneme sequence, the con-

ditional probability of generating the pinyin sequence is given by:

p(cmu1; cmu2; : : : ; cmun |e1; e2; : : : ; en ) '
nY

i =1

p(cmui |hi ) (14)

where {h1; h2; : : : ; hn } is the predefined context (history) with respect to each En-

glish phoneme. The transliteration probability p(cmu|h) regarding the contextual

history h is computed by Eq. (11), in which p(cmu; h) is obtained from Eq. (13).

Eq. (13) is computed by using the feature functions and their respective model

parameters acquired from the GIS training.

We apply “beam search” [15] that is essentially a breadth-first algorithm, but

can avoid the combinatorial explosion problem of breath-first search by expanding

only a few most promising candidates using certain heuristic. For each ei in a

testing English phoneme sequence E = {e1; e2; : : : ; en }, the algorithm maintains

the N highest probability transliteration candidates up to and including ei it sees

in the sequence, where N is known as the “beam size”. The beam size N = 5 was

determined empirically [15] and the top-1 transliteration was finally used.

6. Exp erimen tal Evaluations

6.1. Data description

6.1.1. Phonetic representation

Pronunciation sequences of English names are represented by computer-readable

IPA equivalents, ARPABET symbols, for American English. There are 40 APRPA-

BET symbols in total, in which 24 are consonants and 16 are vowels. The vowel

phoneme /AX/ is known as nuclei or schwa, and generally does not appear in real

corpus. Thus the number of symbols actually being used would be 39. Chinese

transliteration is phonetically represented by pinyin symbols using the common
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Romanization system for Mandarin Chinese. Pinyin are composed of 23 initials

and 35 finals.

6.1.2. Data sets

We obtain the beta release v.1.0 of LDC’s Chinese-English bi-directional named

entity listg compiled from Xinhua’s database. The entire corpus consists of 9 pairs

of lists, from which we choose the English-to-Chinese proper name list of people as

raw data set. The list contains 572,213 foreign people’s names and their Chinese

transliterations. Note that although the list is in English, it contains names origi-

nated from different languages, e.g. Russian, German, Spanish, Arabic, Japanese,

Korean, etc.

We use CMU’s pronunciation dictionaryh and LDC’s Chinese character table

with pinyin to convert name pairs in the list into a parallel corpus of English

phonemes and pinyin symbols. We extract all the translation name pairs from the

selected named entity list, which also appear in CMU pronunciation dictionary

with deterministic phonetic representations. We then acquire their English pro-

nunciations and the pronunciations of their Chinese equivalents by looking up the

pronunciation dictionary and the character-pinyin conversion table. We end up with

46,305 pairs, which are used as our experimental data pool. In our experiments, 90%

instances (41,674 instances) are randomly selected as the training set, in which a

portion of 4,631 instances are used for close tests, and the remaining 10% (4,631

instances) for open tests. This data set is referred to as BASE-DATA, which will

be used throughout our experiments.

6.2. Performance measuremen t

The performance is evaluated with two levels of accuracy, i.e. character-level accu-

racy (C:A:) and word level accuracy (W:A:) in [9].

C:A: =
L − (i + d + s)

L
(15)

W:A: =
# of correct names generated

# of tested names
: (16)

In Eq. (15), L is the length of the standard transliteration of a given foreign name,

and i , d, and s are the number of insertion , deletion and substitution respectively,

i.e. edit distance between machine-generated transliteration and the standard. If

L < (i + d + s), we set C:A: = 0. Equation (16) is the percentage of the number of

transliterations identical to the standards in all the tested names.

g Catalog Number by Linguistic Data Consortium: LDC2003E01.
h ftp://ftp.cs.cm u.edu/afs/cs.cm u.edu/data/anonftp/pro ject/fgdat a/dict /.
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Table 10. Transliteration accuraciesof the baseline,Direct-1 , Direct-2 and Direct-2R .

Systems Baseline Direct-1 Direct-2 Direct-2R

Close 66.35% 63.17% 68.18% 76.97%
C:A:

Open 65.15% 62.61% 67.18% 75.08%

Close 20.73% 13.16% 23.47% 36.19%
W:A:

Open 18.27% 11.34% 21.49% 32.50%

6.3. Direct mo dels versus baseline

In the rest of this paper, we denote the IBM SMT model (also NCM) as the baseline,

the automata-based model as Direct-1, the context sensitive model as Direct-2

and the refined context sensitive model as Direct-2R, respectively.

6.3.1. Accuracy

We compare the performance of the baseline, Direct-1, Direct-2 and Direct-

2R using C:A: and W:A: measurements on BASE-DATA. The results are shown

in Table 10. Direct-2 outperforms the baseline by about 2% in C:A: and about 3%

in W:A: It also outperforms Direct-1 by about 6% in C:A: and about 12% in W:A:
This justifies our expectation on improving transliteration accuracies by considering

contextual dependencies. The model Direct-2R demonstrates significant improve-

ment over all the other models in all tests. Recall that in the model Direct-2R, we

decomposed longer compound finals in pinyin into smaller sound units, i.e. basic

finals, and aligned chunks of English phonemes with the corresponding chunks of

pinyin symbols, prohibiting alignments across chunk borders. This can produce:

(1) more precise mappings between English phonemes and mapping units in pinyin

(cmus);

(2) less possible cmus for each English phoneme, reducing uncertainties; and

(3) less cums with illegal pinyin syllables, leading to more legitimate pinyin

sequences.

This justifies the effectiveness of the alignment scheme based on phoneme chunks

and the reduced “granularity” of compound pinyin finals, which helps in the precise

alignment.

Compared to the baseline, Direct-1 performs a bit worse by 3.18% for close

test and 2.54% for open test on C:A:, and much worse by 7.37% and 6.93% for close

and open tests on W:A: respectively. Although Eq. (2) is mathematically correct

under the MaxEnt framework, the accuracy of the posterior estimation depends

on f m — the feature functions selected, and the parameters � m . Recall that we

selected the log function features of the two models and set parameters � m = 1.

This assumes equal contribution of the two models. Hence, the approximation is

worse than NCM, whose maximization is supported by Bayes’ rule. Improvements

can be made by adjusting the weight on the two models.
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Table 11. The averaged length of testing names versus the averaged length of correctly
transliterated names by di�eren t models.

Close Open

Baseline 5.02 4.91
Direct-1 5.28 5.22
Direct-2 5.27 5.27
Direct-2R 5.30 5.34

Avg. Length 5.36 5.40

6.3.2. Accuracy versusname length

We also investigate how the different models differ from the average length of

correctly transliterated names. The length of a given name is represented by the

number of phonemes it contains. For each model, we calculate the average length

of correctly transliterated names (whose C:A: = 100%) in close and open tests.

The averaged length of testing names are also calculated. The results are listed in

Table 11.

We notice that the baseline somehow discriminates longer names, as evidenced

by the average length of correctly transliterated names which is obviously shorter

than that of all tested names, whereas other models are basically unbiased for name

length as the average length of correctly transliterated names approaches to that of

all averaged. This implies our proposed models are of good quality: we tend to be

able to transliterate names of any length, not only being suitable for shorter ones.

6.4. Exp erimen ts on Direct-2R

6.4.1. Transliteration quality

We analyze Direct-2R to study the quality of transliterations. We randomly choose

100 sample testing names with C:A: ≤ 20% to qualitatively examine their English

pronunciations, machine-generated transliterations and the standard Chinese trans-

lations. These names are partially listed in Table 12. There are 68 foreign names

that should not be phonetically transliterated but should be translated based on

meaning, such as Japanese, Korean or other Southeast Asian names. Most others

are “irregularly” transliterated names, such as “Rieth”, “Hayer”, “Haim”, “Flex”,

etc. Since we have no idea about their original languages, it is difficult to judge their

standard transliterations. But the machine-generated transliterations are obviously

closer to their English pronunciations than the standard ones. Note that many non-

English names are transliterated based on their original pronunciations rather than

English pronunciations. For instance, the transliteration of “John” (/JH AA N/),

“

t ions rather than English pronunciat ions. For instance, th
(/ JH AA N/ ), \ Õ?
direct ly. Hence, it would be bet ter to � rst classify the trai

” (/yue han/), is produced from its Hebrew pronunciation directly. Hence,

it would be better to first classify the training instances according to their language

origins.
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Table 12. Randomly selectedsample transliterations with C:A: � 20%.

Original Name Pronunciat ion M achine Trans. St andard Trans. C.A .(%)
Vot h V A A T H wa si f  u  t  e (  t� ) 0.000
Honcho HH A O N CH OW heng huo ben die ( ý ² ) 16.67
Pace P EY S pei qie pa cai ( X f ) 20.00
Riet h R AY A H T H l i ao si l i t e ( ° � ) 0.000
Fuj i t su F UW JH IH T S UW fu j i ce ge j in ( Á� ) 20.00
Sag S A E G sa ge sa ( © ) 0.000
Tokunaga T OW K UW N A A G A H t uo ke na j ia de chang ( y Ÿ ) 0.000
Yoho Y OW HH OW yue huo rong feng ( �X ) 0.000
Hiromasa HH IH R OW M A A S A H xi luo ma sa bo ya ( F Ä ) 0.000
Gyosai G Y OW S EY ge luo sa yu cai ( ž h ) 0.000
... ... ... ... ...

Table 13. Randomly selectedsample transliterations with 80% � C:A: < 100%.

O r i gi n al Nam e P r onu n c i at i on M ach i n e Tr an s. S t an d ar d Tr an s. C. A. ( % )
Cotroneo K OW T R OW N IY OW ke te luo ni ao ke t e l u o n e i ao ( )� [ � £  ) 91.67
Schmaus SH M AW Z shi ma si shi mao si ( � † „ ) 87.50
Krzeminski K R AH M IH N S K IY ke la ming si ji ke re ming si ji ( .y Ò „ ä ) 83.33
Bergfeld B ER G F EH L D bo ge fei er de bei ge fei er de ( ó Â9�y ) 83.33
Priscilla P R AH S IH L AH pu lu xi la pu li xi la ( Ê ·Ün ) 87.50
Silverthorn S IH L V ER TH AO R N xi er wo suo en xi er fu suo en ( Ü�vÂ � ) 81.82
Klages K L EY JH AH Z ke la re si ke la ge si ( .nÂ„ ) 87.50
Cullins K AH L IH N Z ke lin si ka lin si ( �õ„ ) 85.71
Pellett P EH L AH T pei la te pei li te ( | ¼� ) 85.71
Hayworth HH EY W ER TH ai wo si hai wo si ( 0» ‡ ) 85.71
... ... ... ... ...

We also study the transliterations of 100 randomly chosen names with C:A: of

more than 80% but less than 100%. Some sample names are listed in Table 13. Qual-

itatively, they all present tiny distance from the standard transliterations. Many of

them are even phonetically closer to the corresponding English pronunciations than

the standard ones. Without profound linguistic knowledge, one could not distin-

guish the subtle quality differences between transliterations produced by machine

and human. However, they are not identical to the de facto standards after all.

Thus, in human subject tests, transliterations with similar quality like this could

be considered “phonetically equivalent but misspelled” [10].

6.4.2. Phonemeaccuracy

We adopt an approximated approach to examine the phoneme conversion accuracy:

Assuming the Viterbi alignments obtained during training were correct, the map-

ping of individual phonemes would also be correct. We use all the 46,305 instances

in the data pool for training and testing. The C:A: and W:A: achieved are 76.79%

and 36.43%, respectively. We then compared the test outputs, i.e. transliterations

aligning to their English origins, with the alignments produced by EM training.

Conversion accuracies of English phonemes are listed in Table 14.

We find that 2/3 of 24 consonants and 1/4 of 16 vowels are among top 20 of

phoneme accuracies. This indicates that transliterations of consonants are more
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Table 14. Phonemesaccuracy rankings.

Phoneme Top-20 Accuracy Phoneme Lower-19 Accuracy

F 97.73% UH 73.36%
B 96.02% HH 72.04%
L 94.59% EH 70.92%
D 92.94% AA 68.62%
M 92.62% Z 64.78%
AE 89.95% UW 64.66%
R 88.91% AO 64.31%
P 86.96% DH 63.64%
K 86.81% ER 63.12%
IH 84.89% OY 62.24%
T 83.55% CH 60.18%
N 81.82% AW 60.06%
W 81.51% TH 58.86%
V 81.04% AH 57.76%

OW 80.76% AY 57.05%
G 80.48% Y 56.71%
S 80.46% JH 43.36%

IY 78.26% EY 40.77%
NG 77.95% ZH 35.35%
SH 74.21%

accurate than vowels. We obtain average accuracies of consonants and vowels with

76.36% and 67.78% respectively from Table 14. The reason may be that consonants

are all monophonic while vowels vary from monophthongs, diphthongs to even triph-

thongs. Vowels complicate the mapping relationships with pinyin symbols and may

lead to more possible cmus than consonants do.

7. Conclusions

Statistical transliteration modeling has a strong basis in information theory. It can

remove many ad hoc procedures from traditional rule-based machine transliteration

techniques. We have shown that the proposed direct transliteration approaches have

obvious advantages over NCM-based IBM SMT model. The evaluations give strong

evidences to support our hypotheses. Our work have three main contributions.

First, we identified major deficiencies of NCM for English–Chinese transliter-

ation. The NCM, which uses reversed prior conditional probability, is unable to

realize one-to-many symbol mappings between phonetic units from source to target

language. The stochastic process with randomized parameters, e.g. zero-fertility

symbols, representing unaligned phonetic units is error-prone as random repro-

duction and/or insertion of these symbols can not effectively predict the frequent

un-transliterated English phonemes and their positions. This restriction is overcome

by the proposed direct transliteration models.

Second, we proposed the Direct-1 model to cope with one-to-many symbolic
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mapping with a direct prior and alignment scheme of phoneme chunks. Initial-final

clusters were introduced as mapping units. They can be dynamically identified and

added to the target phonetic vocabulary during training. The direct method was

implemented using a weighted finite state automatas. Compared with the baseline,

the performance of Direct-1 was slightly worse. Nonetheless, Direct-1 is simpler

and more flexible for extension.

Third, we proposed a context sensitive direct transliteration model, namely

Direct-2. Maximum entropy formalism was adopted to incorporate longer con-

textual dependencies among phonetic symbols. Although Direct-2 excluded the

language model, it still achieved higher accuracies. We refined the Direct-2 by

using alignment based on phoneme chunks with finer pinyin mapping units. The

refined model, i.e. Direct-2R, performed best. Not only does it support one-to-

many symbol mapping, but also approximates many-to-one mappings by reducing

the granularity of target phonemes. This led to more precise symbolic alignment.

English–Chinese transliteration involves both one-to-many as well as many-to-

one symbolic mapping between English and Chinese. Experiments have shown that

the one-to-many alignment scheme plus contextual dependencies using direct mod-

els is better than the many-to-one by NCM. It can be anticipated that the model

combining both would be more superior.
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