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Abstract dataset that contains 1K transliteration word pairs.
The objective is then to mine transliteration pairs
We present IRECTL+: an online dis- from a collection of Wikipedia titles/topics that are
criminative sequence prediction model given in both languages.
based on many-to-many alignments, We explore a number of diverse resource-free
which is further augmented by the in-  anq Janguage-independent approaches to translit-
corporation of joint n-gram features. eration mining. One approach is to bootstrap the
Experimental results show improvement  geeq data by generating pseudo-negative exam-
over the results achieved byiRECTL in ples, which are combined with the positives to

2009. We also explore a number of diverse  form a dataset that can be used to train a clas-
resource-free and language-independent  sifier. We are particularly interested in achiev-
approaches to transliteration mining,  jng good performance without utilizing language-
which range from simple to sophisticated.  gpecific resources, so that the same approach can
be applied with minimal or no modifications to an
array of diverse language pairs.

Many out-of-vocabulary words in statistical ma- This paper is divided in two main parts that cor-
chine translation and cross-language informatiorfespond to the two tasks of transliteration genera-
retrieval are named entities. If the languages irtion and transliteration mining.

question use different writing scripts, such names ) ) ]

must be transliterated. Transliteration can be de? Iransliteration generation

fined as the conversion of a word from one writ-The structure of this section is as follows. In Sec-

ing script to another, which is usually based on th&jon 2.1, we describe the pre-processing steps that
phonetics of the original word. were applied to all datasets. Section 2.2 reviews
DIRECTL+ is our current approach to name tyo methods for aligning the source and target
transliteration which is an extension of the-D symbols in the training data. We provide details
RECTL system (Jiampojamarn et al., 2009). Wegp the DRECTL+ systems in Section 2.3. In Sec-
augmented the feature set with joimigram fea-  tjon 2.4, we discuss extensions offECTL+ that

tures which allow the discriminative model to uti- incorporate |anguage_speciﬁc information. Sec-
lize long dependencies of joint information of tjon 2.5 summarizes our results.

source and target substrings (Jiampojamarn et al.,
2010). Experimental results suggest an improve2.1 Pre-processing
ment over the results achieved byRECTL in  For all generation tasks, we pre-process the pro-
2009. vided data as follows. First, we convert all char-
Transliteration mining aims at automatically acters in the source word to lower case. Then,
obtaining bilingual lists of names written in differ- we remove non-alphabetic characters unless they
ent scripts. We explore a number of different ap-gppear in both the source and target words. We
proaches to transliteration mining in the context Ofnorma”ze Whitespace that surrounds a comma, so
the NEWS 2010 Shared Ta$kThe sole resource that there are no spaces before the comma and ex-
that is provided for each language pair is a “seed’actly one space following the comma. Finally, we
Inttp://translit.i2r.a-star.edu. sg/ separate multi-word titles into single words, using
news2010 whitespace as the separator. We assume a mono-

1 Introduction
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tonic matching and ignore the titles that have a dif- b

ferent number of words on both sides. |
We observed that in the ArAe task there are b

cases where an extra space is added to the target

when transliterating from Arabic names to their Figure 1: An alignment example.

English equivalents; e.g., “Al Riyad”, “El Sayed”,

etc. In order to prevent the pre-processing from ,

removing too many title pairs, we allow non-equalSimilarity between phonemes. The main advan-

matching if the source title is a single word. tage o_f f[he phonetic alignment is that it requires
For the English-Chinese (EnCh) task, we con1© training data. We use the ALINE phonetic

vert the English letter “x” to “ks” to facilitate bet- aligner (Kondrak, 2000), Wh'Ch_a“g_nS two strings

ter matching with its Chinese targets. of phonemes. The example in Figure 1 shows
During testing, we pre-process test data in théhe alignment of the wor8arclay to its Katakana

same manner, except that we do not remove noriransliteratiorba-ku-ri. The one-to-one allgnme_nt
an then be converted to a many-to-many align-

alphabetic characters. After the pre-processin%_I b im0 the J h h
steps, our system proposes 10-best lists for singl ent ygro_up!n_gt e Japanese phonemes that cor-
respond to individual Katakana symbols.

word titles in the test data. For multi-word titles,
we construct 10-best lists by ranking the combina-

tion scores of single words that make up the tes€.3 DIRECTL+
titles.

Q— QO

We refer to our present approach to transliteration
as DRECTL+. Itis an extension of our RECTL

_ _ o ~ system (Jiampojamarn et al., 2009). Itincludes ad-
In the transliteration tasks, training data consisjitional “joint n-gram” features that allow the dis-

of pairs of names written in source and targetyyiminative model to correlate longer source and
scripts without explicit character-level alignment. target substrings. The additional features allow

In our experiments, we applied two different algo- o giscriminative model to train on information
rithms to automatically generate alignments in thg 5t is present in generative jointgram models,

training data. The generated alignments provide,hq aqditionally train on rich source-side context,

hypotheses of substring mappings in the trainingransition, and linear-chain features that have been
data. Given aligned training data, a transliteratiorjemonstrated to be important in the transliteration
model is trained to generate names in the targgt,q (Jiampojamarn et al., 2010).

Iarjlghualg:/lezgl\l/lver; namej_m the_source Iatmg?uazgoeo.7 Our model is based on an online discriminative
€ -aligner (Jiampojamarn et al., )framework. At each training iteration, the model

is based on the expectation maximization (EM)generates ann-best list for each given source

algorithm. It allows us to create alignments be.'name based on the current feature weights. The

Meeg ﬂs\ubstrm_gs of vin(t)gs Ie_ngthfs. tr\1Ne OIOt"feature weights are updated according to the gold-
mized the maximum substring sizes for the source, 1o ancwers and the generatedbest an-

and target based on the performance of the engNer lists using the Margin Infused Relaxed Algo-
task on the development sets. We allowed emptyp (MIRA) (Crammer and Singer, 2003). This

:;rzlr:\%s ?ulls) ?nly o”n t?e targe: ?di' We use(tJI ;hetraining process iterates over the training examples
-aligner for all alignment tasks, except 1or i the model converges. Foi-best anch-gram

Engllsh—.Plnylr) ahgnr_nent. T_he source code of theparameters, we set — 10 andn = 6 for all lan-
M2M-aligner is publicly availablé.

An al . i orithm is based guage pairs. These parameters as well as others
the nh?);eertr_lftlyne]_; |%nrgfen;ar?§rlte mfhe?(ze _doer;were optimized on the development sets.
ic similari r mes. [ . )

P yorgrap y We trained our models directly on the data

f thi hi h h
ofthis approachis to represent each grapheme byt%at were provided by the organizers, with three

phoneme or a sequence of phonemes that is Iikelé i | der 1o | ;
to be represented by the grapheme. The sequenc gceptions. In order 1o Improve performance,

of phonemes on the source side and the targe e gave special treaiment to English-Korean

) ) ) (EnKo), English-Chinese (EnCh), and English-
h | h f ph E_” 0), En | .
side can then be aligned on the basis of phonet indi (EnHi). These special cases are described

htt p: // code. googl e. conl p/ n2m al i gner/ in the next section.

2.2 Alignment
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2.4 Beyond DRECTL+ system for Standard Mandarin and many free tools
241 Korean Jaso are available for converting Chinese characters to
Pinyin. Its alphabet contains the same 26 letters

A Korean syllable can be decomposed into two . :
y i Pose as English. Each Chinese character can be tran-
or three components callethso: an initial con-

. : : scribed phonetically into Pinyin. A small percent-
sonant, a middle vowel, and optionally a final con- . \ .
. : age of Chinese characters have multiple pronunci-
sonant. The Korean generation for EnKo involves = . .
: ) : ations, and are thus represented by different Pinyin
the following three steps: (1) English-to-Jaso gen-
. . \ sequences. For those characters, we manually se-
eration, (2) correction of illegal Jaso sequences, o
. lected the pronunciations that are normally used
and (3) Jaso-to-Korean conversion. . . .
. or names. This pre-processing step significantly
In order to correct illegal Jaso sequences tha .
. , . reduces the size of the target symbols: from 370
cannot be combined into Korean syllables in step,. . . o
. distinct Chinese characters to 26 Pinyin symbols.
2, we consider both vowel and consonant rules._". )
. . This allows our system to produce better align-
A Korean vowel can be either a simple vowel Orments

a complex vowel that combines two simple vow- _ .
els. We can use this information in order to replace We developed three models: (1) trained on the

double vowels with one complex vowel. We alsoOrlglnal Chinese charact'ers, (2) trained on Plnqu,
. . and (3) the model that incorporates the phonetic
use the silent consonaatf(i-eung) when we need

to insert a consonant between double vowels. Ae\hg_nment descrlbgd_ In Section 22 The combi-
. . nation of the predictions of the different systems
Korean vowel- (eu) is most commonly inserted

between two English consonants in transliteration’ &> performe_d using the following s_,lmple algo-

. rithm (Jiampojamarn et al., 2009). First, we rank
In order to resolve three consecutive consonants,lt individual svstem rding to their ton-1
can be placed into the most probable position ac- € ual systems according to Iheir top-L ac

cording to the probability distribution of the train- curacy on the development set. To obtain the top-
ing data. 1 prediction for each input word, we use simple

voting, with ties broken according to the ranking
2.4.2 Japanese Katakana of the systems. We generalize this approach to

In the Japanese Katakana generation task, we r8andlen-best lists by first ordering the candidate

place each Katakana symbol with one or two letiransliterations according to the rank assigned by
ters using standard romanization tables. This hagach individual system, and then similarly break-
the effect of expressing the target side in Latin leting ties by voting and using the ranking of the sys-
ters, which facilitates the alignment. IRECTL+  tems.

is trained on the converted data to generate the tar;

. 544 Language identification for Hindi
get from the source. A post-processing program

then attempts to convert the generated letters badghargava and Kondrak (2010) apply support vec-
into Katakana symbols. Sequences of letters thdP" machines (SVMs) to the task of identifying
cannot be converted into Katakana are removel{'® language of names. The intuition here is that
from the outputm-best lists and replaced by lower language information can inform tran.sliteration.
scoring sequences that pass the back-conversidiiargava and Kondrak (2010) test this hypothe-
filter. Otherwise, there is usually a single valid SiS ©n the NEWS 2009 English-Hindi transliter-
mapping because most Katakana symbols are reﬁljuon data by training Iangu.age |de_nt|f|cat|qn on
resented by single vowels or a consonant-vowefiata manually tagged as being of either Indian or
pair. The only apparent ambiguity involves theon-Indian origin. It was found that splitting the
letter n, which can either stand by itself or clus- data disjointly into two sets and training separate

ter with the following vowel letter. We resolve the transliteration models yields no performance in-

ambiguity by always assuming the latter case uncrease due to the decreased size of the data for the

less the letter, occurs at the end of the word. models. _
. . We adopt this approach for the NEWS 2010
2.4.3 Chinese Pinyin task, but here we do not use disjoint splits. In-

Following (Jiampojamarn et al., 2009), we experi-stead, we use the SVMs to generate probabilities,
mented with converting the original Chinese char-and then we apply a threshold to these probabili-
acters to Pinyin as an intermediate representatiorties to generate two datasets. For example, if we
Pinyin is the most commonly known romanization set the threshold to 05, then we determine the
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probabilities of a given name being of Indian ori- Task | top-1 | F-score| Rank
gin (pp;) and of being of non-Indian origirmp(,,). EnCh| 0.363| 0.707 2
If pr; < 0.05 then the name is excluded from the ChEn| 0.137| 0.740 1
Indian set, and ifp., < 0.05 then the name is EnTh | 0.378| 0.866 2
excluded from the non-Indian set. Using the two ThEn | 0.352| 0.861 2
obtained non-disjoint sets, we then train a translit- EnHi | 0.456| 0.884 1
eration model for each set using®ECTL+. EnTa | 0.390| 0.891 2
Since the two sets are not disjoint, we must de- EnKa| 0.341| 0.867 | 2
cide how to combine the two results. Given that a EnJa | 0.398| 0.791 | 1
name occurs in both sets, and both models provide EnKo | 0.554| 0.770 | 1
a ranked list of possible targets for that name, we JnJk | 0.126| 0426 | 1
obtain a combined ranking using a linear combi- ArAe | 0.464| 0924 | 1
nation over the mean reciprocal ranks (MRRs) of EnBa| 0.395| 0.877 | 2

the two lists. The weights used arg; andp,,, SO

that the more likely a name is considered to be of

Indian origin, the more strongly the result from the

Indian set is considered relative to the result fromracy of 0.554, which is a significant improvement

the non-Indian set. over 0.387 achieved by the language-independent
model.

Table 1: Transliteration generation results

2.5 Evaluation

_ 3 Transliteration mining
In the context of the NEWS 2010 Machine

Transliteration Shared Task we tested our sysThis section is structured as follows. In Sec-
tem on all twelve datasets: from English to Chi-tion 3.1, we describe the method of extracting
nese (EnCh), Thai (EnTh), Hindi (EnHi), Tamil transliteration candidates that serves as the input
(EnTa), Bangla (EnBa), Kannada (EnKa), Ko-to the subsequently presented mining approaches.
rean Hangul (EnKo), Japanese Katakana (EnJaJwo techniques for generating negative exam-
Japanese Kaniji (JnJk); and, in the opposite diples are discussed in Section 3.2. Our language-
rection, to English from Arabic (ArAe), Chi- independent approaches to transliteration mining
nese (ChEn), and Thai (ThEn). For all datasetsare described in Section 3.3, and a technique for
we trained transliteration models on the providedmining English-Chinese pairs is proposed in Sec-
training and development sets without additionakion 3.4. In Section 3.5, we address the issue of
resources. overlapping predictions. Finally, Section 3.6 and

Table 1 shows our best results obtained on thé&ection 3.7 summarize our results.
datasets in terms of top-1 accuracy and mean F- ] ] ] )
score. We also include the rank in standard rung-1 EXtracting transliteration candidates
ordered by top-1 word accuracy. The EnCh re-We cast the transliteration mining task as a bi-
sult presented in the table refers to the output ohary classification problem. That is, given a word
the three-system combination, using the combiin the source language and a word in the target
nation algorithm described in Section 2.4.3. Thelanguage, a classifier predicts whether or not the
respective results for the three component EnClipair constitutes a valid transliteration. As a pre-
systems were: 0.357, 0.360, and 0.363. Therocessing step, we extract candidate translitera-
EnJa result in the table refers the system describetibns from the pairs of Wikipedia titles. Word seg-
in Section 2.4.2 that applied specific treatmenimentation is performed based on sequences of one
to Japanese Katakana. Based on our develomr more spaces and/or punctuation symbols, which
ment results, this specific treatment improves a#nclude hyphens, underscores, brackets, and sev-
much as 2% top-1 accuracy over the languageeral other non-alphanumeric characters. Apostro-
independent model. The EnHi system that in{phes and single quotes are not used for segmenta-
corporates language identification obtained extion (and therefore remain in a given word); how-
actly the same top-1 accuracy as the languagesver, all single quote-like characters are converted
independent model. However, the EnKo systemnto a generic apostrophe. Once an English ti-
with Jaso correction produced the top-1 accutle and its target language counterpart have been
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segmented into words, we form the candidate se8.3 Language-independent approaches

for this title as the cross product of the two sets), this section, we describe methods for transliter-
of words after discarding any words that containgsion, mining that can, in principle, be applied to a
fewer than two characters. wide variety of language pairs without additional
After the candidates have been extracted, indimodification. For the purposes of the Shared Task,
vidual words are flagged for certain attributes thatowever, we convert all source (English) words to
may be used by our supervised learner as addizSCl| by removing diacritics and making appro-
tional features. Alternatively, the flags may servepriate substitutions for foreign letters. This is done

as criteria for filtering the list of candidate pairs to mitigate sparsity in the relatively small seed sets
prior to classification. We identify words that are when training our classifiers.

capitalized, consist of all lowercase (or all capital)

letters, and/or contain one or more digits. We also3-3-1  Alignment-derived romanization

attempt to encode each word in the target languagé/e developed a simple method of performing ro-

as an ASCII string, and flag that word if the opera-manization of foreign scripts. Initially, the seed set

tion succeeds. This can be used to filter out wordsf transliterations is aligned using the one-to-one

that are written in English on both the source andoption of the M2M-aligner approach (Jiampoja-

target side, which are not transliterations by defi-marn et al., 2007). We allow nulls on both the

nition. source and target sides. The resulting alignment
model contains pairs of Latin letters and foreign

3.2 Generating negative training examples script symbols (graphemes) sorted by their con-

itional ility. Th f h h
The main issue with applying a supervised Iearn-dr[Iona probability. en, Tor each graphems,

. .we select a letter (or a null symbol) that has the
ing approach to the NEWS 2010 _Shared Ta_sk I?ﬂghest conditional probability. The process pro-
that annotated task-specific data is not availabl

to train th i H " d pairs d uces an approximate romanization table that can
0 train Ihe system. However, Ihe seed pairs dQq pptained without any knowledge of the target
provide example transliterations, and these can b

. . . gcript. This method of romanization was used by
used as positive training examples. The remaining, - ~thods described in the remainder of Sec-
issue is how to select the negative examples. tion 3.3

We adopt two approaches for selecting nega-
tives. First, we generate all possible source-targe8.3.2 Normalized edit distance
pairs in the seed data, and take as negatives thosgrmalized edit distance (NED) is a measure of
pairs which are not transliterations but have ahe similarity of two strings. We define a uniform
longest common subsequence ratio (LCSR) abovedit cost for each of the three operations: substitu-
0.58; this mirrors the approach used by Bergsmaion, insertion, and deletion. NED is computed by
and Kondrak (2007). The method assumes thafividing the minimum edit distance by the length
the source and target words are written in the samef the longer string, and subtracting the resulting
script (e.g., the foreign word has been romanized)raction from 1. Thus, the extreme values of NED

A second possibility is to generate all seed pairare 1 for identical strings, and 0 for strings that
ings as above, but then randomly select negativeave no characters in common.
examples, thus mirroring the approach in Klemen- Our baseline method, NED+ is simply the NED
tiev and Roth (2006). In this case, the source andneasure augmented with filtering of the candidate
target scripts do not need to be the same. Conpairs described in Section 3.1. In order to address
pared with the LCSR technique, random samplinghe issue of morphological variants, we also fil-
in this manner has the potential to produce negater out the pairs in which the English word ends
tive examples that are very “easy” (i.e., clearly notin a consonant and the foreign word ends with a
transliterations), and which may be of limited util- vowel. With no development set provided, we set
ity when training a classifier. On the other hand, atthe similarity thresholds for individual languages
test time, the set of candidates extracted from then the basis of the average word length in the seed
Wikipedia data will include pairs that have very sets. The values were 0.38, 0.48, 0.52, and 0.58
low LCSR scores; hence, it can be argued that disfor Hindi, Arabic, Tamil, and Russian, respec-
similar pairs should also appear as negative examtively, with the last number taken from Bergsma
ples in the training set. and Kondrak (2007).
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3.3.3 Alignment-based string similarity 3.3.4 String kernel classifier

The alignment-based classifier described in the
NED selects transliteration candidates when th¢greceding section is limited to using substring fea-
romanized foreign strings have high charactetures that are up to (roughly) three or four letters
overlap with their English counterparts. The mea-n length, due to the combinatorial explosion in the
sure is independent of the language pair. Thigsiumber of unique features as the substring length
is suboptimal for several reasons. First of all,increases. It is natural to ask whether longer sub-
phonetically unrelated words can share many instrings can be utilized to learn a more accurate pre-
cidental character matches. For example, thelictor.
French word ‘recettes’ and the English word This question inspired the development of a sec-
‘proceeds’ share the lettensc,ees as a com- ond SVM-based learner that uses a string kernel,
mon subsequence, but the words are phoneticallgnd therefore does not have to explicitly repre-
unrelated. Secondly, many reliable, recurrentsent feature vectors. Our kernel is a standasd
language-specific substring matches are prevalegtram (or spectrum) kernel that implicitly embeds
in true transliterations. These pairings may or maya string in a feature space that has one co-ordinate
not involve matching characters. NED can notfor each unique:-gram (see, e.g., (Shawe-Taylor
learn or adapt to these language-specific patternsand Cristianini, 2004)). Let us denote the alphabet

i over input strings agl. Given two input strings:
In light of these drawbacks, researchers hav%ndm, this kernel function computes:

proposed string similarity measures that can learn
from provided example pairs and adapt the simi-

larity function to a specific task (Ristad and Yiani- k(z, ') = > #(s,2)#(s, 2')
los, 1998; Bilenko and Mooney, 2003; McCallum SEAn
et al., 2005; Klementiev and Roth, 2006). wheres is ann-gram and# (a, b) counts the num-

. . ber of timesa appears as a substring iof
One particularly successful approach is by .
L An extension of the.-gram kernel that we em-
Bergsma and Kondrak (2007), who use discrim- . .
N . . . ploy here is to consider ath-grams of length
inative learning with an improved feature repre- ;
i . ) 1 < n < k, and weight eacln-gram as a func-
sentation. The features are substring pairs that are . ) .
. . . tion of its length. In particular, we specify a value
consistent with a character-level alignment of the . "
two strings. This approach strongly improved per-)‘ and weight each-gram by a factor oi". We
' . e . . implemented this kernel in the LIBSVM software
formance on cognate identification, while varia- . )
) : : .. __package (Chang and Lin, 2001). Optimal values
tions of it have also proven successful in transliter-, , o
. . for k, A, and the SVM’s regularization parame-
ation discovery (Goldwasser and Roth, 2008). We . i
. .. ___ter were estimated for each dataset using 5-fold
therefore adopted this approach for the translitera- N
tion mining task cross-validation. The values of()\) that we ul-
' timately used were: EnAr3(0.8), EnHi (8,0.8),
We produce negative training examples usingenRu 6,1.2), and EnTag, 1.0).
the LCSR threshold approach described in Sec- Our input string representation for a candidate
tion 3.2. For features, we extract from the alignedpair is formed by first aligning the source and tar-
word pairs all substring pairs up to a maximumget words using M2M-aligner (Jiampojamarn et
length of three. We also append characters markal., 2007). Specifically, an alignment model is
ing the beginning and end of words, as describedrained on the seed examples, which are subse-
in Bergsma and Kondrak (2007). For our clas-quently aligned and used as positive training ex-
sifier, we use a Support Vector Machine (SVM)amples. We then generate 20K negative examples
training with the very efficient LIBLINEAR pack- by random sampling (cf. Section 3.2) and apply
age (Fan et al., 2008). We optimize the SVM’'sthe alignment model to this set. Not all of these
regularization parameter using 10-fold cross vali-20K word pairs will necessarily be aligned; we
dation on the generated training data. At test timefandomly select 10K of the successfully aligned
we apply our classifier to all the transliteration pairs to use as negative examples in the training
candidates extracted from the Wikipedia titles,set.
generating transliteration pairs whenever there is Each aligned pair is converted into an “align-

a positive classification. ment string” by placing the letters that appear in
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Word pair zubtsov 3y610B 7 = 0.58. We experimented with three sets of val-
Aligned pair | z|u|b|t|s|o|v| 3[y|6|u]|-|o|s] ues forw; andws: (1,0), (0.5,0.5), and (0, 1).
Align't string | z3|uy|b6|tu|s_|oo|ve Our final predictions were made usingy, = 0
andw; = 1, which appeared to produce the best
results. Thus, only the backward transliteration
model was ultimately employed.

Table 2: An example showing how an alignment
string (the input representation for the string ker-
nel) is created from a word pair.

3.4 English-Chinese string matching
the same posmo_n n th? source and target next t?)ue to the fact that names transliterated into Chi-
one another, while retaining the separator charac- : : .
.. nese consist of multiple Chinese characters and
ters (see Table 2). We also appended beginnin

and end of word markers. Note that no romaniza—.ﬁ]at the Chinese text provided in this shared task

. . . is not segmented, we have to adopt a different ap-
tion of the target words is necessary for this pro- . . L .
cedure proach to the English-Chinese mining task (Unlike

. . many other languages, there are no clear bound-
At test time, we apply the alignment model to y guages,

. . ries between Chinese words). We first train a
the candidate word pairs that have been extracte% )

from thetrain data, and retaiall the successfully glenzrarleoen dm(s)ga ui;r;?;;‘ii SZ‘TdO(:?;ar‘n a:odéztigcip-
aligned pairs. Here, M2M-aligner also acts as afy 9 y 9 galg

i . . . ransliteration pairs.

filter, since we cannot form alignment strings from Th ! ! p ! delis built using the discri
unaligned pairs — these yield negative predictions '€ 9eneration modelis built using the discrim-
by default. We also filter out pairs that met any Oflnatlve training framework described in (Jiampoja-
the following conditions: 1) the English word con- marn et al., 2008). Two models are learned: one

sists of all all capital or lowercase letters, 2) the'S trained using English and Chinese characters,
target word can be converted to ASCII (cf. Sec-

while the other is trained on English and Pinyin (a
tion 3.1), or 3) either word contains a digit standard phonetic representation of Chinese char-

acters). In order to mine transliteration pairs from
3.3.5 Generation-based approach Wikipedia titles, we first use the generation model
In the mining tasks, we are interested in whether 40 produce transliterations for each English token
candidate paifz, y) is a transliteration pair. One on the source side as both Chinese characters and
approach is to determine if the generated translitPinyin. The generated Chinese characters are ul-
erations of a source worgl = «(x) and a target timately converted to Pinyin during string match-
word # = J3(y) are similar to the given candi- ing. We also convert all the Chinese characters on
date pair. We applied RECTL+ to the mining the target side to their Pinyin representations when
tasks by training transliteration generation modelgerforming string matching.
on the provided seed data in forward and back- The transliteration pairs are then mined by com-
ward transliteration directions, creatingx) and  bining two different strategies. First of all, we ob-
B(y) models. We now define a transliteration serve that most of the titles that contain a separa-
score function in Eq. 1.N(z,z) is the normal- tion symbol “- ” on the target side are translit-
ized edit distance between stridgandz, andw;  erations. In this case, the number of tokens on
andws are combination weights to favor forward both sides is often equal. Therefore, the mining
and backward transliteration models. task can be formulated as a matching problem.

We use a competitive linking approach (Melamed,

wy - N(i,y) + ws - N3, 7) 2_000) to find the best.match.. F_irst., \./ve.select
S(z,y) = ! ALl 2 d (1) links between all possible pairs if similarity of
Wi+ w2 strings on both sides is above a threshdlds ¢
A candidate pair is considered a transliterationlength(Pinyin)). We then greedily extract the

pair if its S(x,y) > 7. Ideally, we would like pairs with highest similarity until the number of
to optimize these parameters,w, w, based on unextracted segments on either side becomes zero.
a development set for each language pair. Unfor- The problem becomes harder when there is no
tunately, no development sets were provided foindication of word segmentation for Chinese. In-
the Shared Task. Therefore, following Bergsmastead of trying to segment the Chinese characters
and Kondrak (2007), we adopt the threshold offirst, we use an incremental string matching strat-

45



egy. For each token on the source side, the algo-| Task | System | F ] P[] R

rithm calculates its similarity with all possible- EnRu| NED+ .875| .880 | .869
grams ¢ < n < L) on the target side, wherk BK-2007 778 | .684 | .902
is the length of the Chinese title (i.e., the number StringKernel* | .811| .746 | .889
of characters). If the similarity score ef-gram DIRECTL+ 786 | .778| .795
with the highest similarity surpasses a threshold | EnHi | NED+ 907 | .875| .941
(0.5 x length(Pinyin)), then-gram sequence is BK-2007 .882 | .883| .880
proposed as a possible transliteration for the cur- StringKernel | .924| .954 | .895
rent source token. DIRECTL+ .904 | .945 | .866

. . - EnTa | NED+ .791| .916 | .696
3.5 Resolving overlapping predictions BK-2007 829! 808! 852
Given a set of candidate word pairs that have been StringKernel | .914 | .923 | .906
extracted from a given Wikipedia title according to DIRECTL+ 801! 919! .710
the procedure described in Section 3.1, our clas-| EnAr | NED+ 800! 8181 .783
sifiers predict a class label for each pair inde- BK-2007 816 | .834 | .798
pendently of the others. Pairs that receive neg- StringKernel* | .827 | .917 | .753
ative predictions are discarded immediately and DIRECTL+ 742 | 861! .652
are never reported as mined pairs. However, it [Ench GreedyMatch| .530| .698 .427
is sometimes necessary to arbitrate between pos- DIRECTL+ 009! .045| .005

itive predictions, since it is possible for a classifier
to mark as transliterations two or more pairs thatTable 3: Transliteration mining results. An aster-
involve the same English word or the same targetsk (*) indicates an unofficial result.

word in the title. Clearly, mining multiple overlap-
ping pairs will lower the system’s precision, since

. .. Table 3 shows the results obtained by our var-
there is (presumably) at most one correct translit- . .
ious systems on the final test sets, measured in

eration in the. target language version of the tltleterms of F-score (F), precision (P), and recal
for each English word.
Our solution is to apply a greedy algorithm that(R)' The systems referred to as NED+, BK-2007,
pplyag yag StringKernel, DRECTL+, and GreedyMatch are

isnogsesssngﬁrdO?:grgig;g%ns t:)O:hi 22’;2;'?E (?escribed in Section 3.3.2, Section 3.3.3, Sec-
9 g ion 3.3.4, Section 3.3.5, and Section 3.4 respec-

were assigned by the classifier. We make one paﬁs

. . ively. The runs marked with an asterisk (*)
through the sorted list and report a pair of words as :
. . ; ere produced after the Shared Task deadline, and
a mined pair unless the English word or the targe

‘therefore are not incl in the official results.
language word has already been reported (for this erefore are not included in the official results

particular title)? 3.7 Discussion

3.6 Results No fixed ranking of the four approaches emerges
In the context of the NEWS 2010 Shared Taskacross the four alphabetic language pairs (all ex-
on Transliteration Generation we tested our syscept EnCh). However, StringKernel appears to be
tem on all five data sets: from English to Rus-the most robust, achieving the highest F-score on
sian (EnRu), Hindi (EnHi), Tamil (EnTa), Arabic three language pairs. This suggests that longer
(EnAr), and Chinese (EnCh). The EnCh set dif-substring features are indeed useful for classifying
fers from the remaining sets in the lack of transparcandidate transliteration pairs. The simple NED+
ent word segmentation on the Chinese side. Ther@eéthod is a clear winner on EnRu, and obtains de-
were no development sets provided for any of thecent scores on the remaining alphabetic language
language pairs. pairs. The generation-basedrRECTL+ approach
—— o o ranks no higher than third on any language pair,
recaﬁn the other hand, mining all such paimght improve o4 it fails spectacularly on EnCh because of the
“A bug was later discovered in our implementation of this WOrd segmentation ambiguity.
algorithm, which had failed to add the words in a title’s first F|na”y we Observe that there are a number Of
mined pair to the “already reported” list. This sometimes ' e
cases where the results for our discriminatively

caused up to two additional mined pairs per title to be re-~“- - ;
ported in the prediction files that were submitted. trained classifiers, BK-2007 and StringKernel, are
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not significantly better than those of the simpleSittichai Jiampojamarn, Colin Cherry, and Grzegorz

NED+ approach. We conjecture that automatically
generating training examples is suboptimal for this
task. A more effective strategy may be to filter all

Kondrak. 2008. Joint processing and discriminative
training for letter-to-phoneme conversion. Pnoc.
ACL.

possible word pairs in the seed data to only thoséittichai Jiampojamarn, Aditya Bhargava, Qing Dou,

with NED above a fixed threshold. We would then
apply the same threshold to the Wikipedia candi-

Kenneth Dwyer, and Grzegorz Kondrak. 2009. Di-
recTL: a language-independent approach to translit
eration. InNEWS '09: Proceedings of the 2009

dates, only passing to the classifier those pairs that Named Entities Workshop: Shared Task on Translit-
surpass the threshold. This would enable a better eration, pages 28-31.

match between the training and test operation Ogittichai Jiampojamamn, Colin Cherry

the system.

4 Conclusion

and Grzegorz
Kondrak. 2010. Integrating joint n-gram features
into a discriminative training framework. IRroc.
NAACL-HLT.

The results obtained in the context of the NEWSalexandre Klementiev and Dan Roth. 2006. Named

2010 Machine Transliteration Shared Task con-
firm the effectiveness of our discriminative ap-

entity transliteration and discovery from multilin-
gual comparable corpora. Proc. HLT-NAACL.

proaches to transliteration generation and miningGrzegorz Kondrak. 2000. A new algorithm for the
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