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Abstract. The performance of transliteration from a source language to a target
language builds the ground work in support of proper name Cross Lingual In-
formation Retrieval (CLIR). Traditionally, this task is accomplished by two
separate modules: transliteration and retrieval. Queries are first transliterated to
target language using one or multiple hypotheses. The retrieval is then carried
out based on translated queries. The transliteration often results in 30-50% er-
rors with top 1 hypothesis, thus leading to significant performance degradation
in CLIR. Therefore, we proposed a unified transliteration retrieval model that
incorporates the transliteration similarity measurement into the relevance scor-
ing function. In addition, we presented an efficient and robust method in simi-
larity measurement for a given proper name pair using the Hidden Markov
Model (HMM) based alignment and a Statistical Machine Translation (SMT)
framework. Experimental data showed significant results with the proposed in-
tegrated method on the NTCIR7 IR4QA task, which demonstrated a greater
flexibility and acceptance in transliteration.

Keywords: cross lingual information retrieval (CLIR), transliteration, retrieval
model, statistical machine translation (SMT), NTCIR.

1 Introduction

Proper name transliteration, the pronunciation-based translation of a proper name
from a source language to a desired target language, is important to many multilingual
natural language processing tasks, including Cross Lingual Information Retrieval
(CLIR), multilingual spoken document retrieval and Machine Translation (MT). Tra-
ditionally, transliteration is achieved by human translators using hand-crafted transla-
tion lexicon and translation rules. However, due to the fast growth of multilingual
information, more and more proper names become undefined in the lexicon. These
undefined proper names can be referred as Out-Of-Vocabulary (OOV) word, and
potentially introduce harm to the system performance, especially in CLIR task. Since
proper names usually carry distinctive information, when not carefully handled, the
mean average precision (mAP) can reach 50% degradation [1].
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Transliteration between languages that use irrelevant alphabets and phonemes, e.g.
English and Chinese or English and Arabic is especially challenging [1-4]. Due to the
pronunciation differences between the source and target languages, particular pho-
nemes in the source language can either have no corresponding phoneme or have a
few close phonemes in the target language. These pronunciation differences usually
yield “many to one”, “one to many” or “one to none” phoneme mappings. Thus, one
proper name can be transliterated into multiple foreign names with similar pronuncia-
tions. Differential alignment in source language can also lead to different translitera-
tion outcomes in the target language. In addition, because of homophones, a single
proper name can be transliterated to multiple foreign names with identical pronuncia-
tion. A typical example of multiple transliteration is that “Osama Bin Laden” can be
transliterated into “HLFEHG & &, “HEEHE AR P, “HEERE AHIE and so on.
These varieties can significantly degrade the CLIR performance when a different set
of transliterations was used by the query and its relevant documents. Despite that the
state-of-the-art statistical machine translation (SMT) techniques have been developed,
the proper name transliteration remains as a challenging task due to its diversity.
Hence, alternative methodology that targets multiple transliterations is indispensible.

Proper name CLIR was mostly tackled by two essential steps [1, 4-6]: (1) one or
multiple alternative transliterations were generated for each unknown word using
transliteration techniques; (2) the expanded alternative transliterations were used for
the retrieval module. However, two potential problems remained unaddressed. Firstly,
transliteration does not always produce the exact spelling variants used in the docu-
ment collection. An approximate string matching technique is usually required to
alleviate this drawback. Secondly, the retrieval performance will be compromised if
inaccurate or confusing transliterations occur in multiple alternative transliterations.
To our best knowledge, no unified framework has been used to seamlessly integrate
transliteration and retrieval model. Therefore, we proposed a novel transliteration
retrieval model that incorporates a transliteration similarity function into the relevance
scoring mechanism as a single component. The proposed framework computes the
document relevant score of a given query without translation of any words, even the
quires and documents are represented in two irrelevant languages. In this framework,
we employed an efficient and robust method to measure the similarity of a given
proper name pair using a Hidden Markov Model (HMM) based alignment.

2 Background and Related Work

Related work in CLIR can be roughly grouped into two major categories [7]: (1)
translating the query into the language used in the document collection and (2) incor-
porating the statistical translation model into the retrieval model. For the first cate-
gory, after the queries have been translated into the language used in the document
collection, the remaining retrieval procedure can be derived from the standard ad hoc
retrieval [3-6]. However, this approach relies on a high quality machine translation
method. In the second category, researches have attempted to apply the statistical
Language Model (LM) to CLIR [8-10]. The LM aims to capture the regularity in
human natural language and to quantify the acceptability of a given word sequence.
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The basic idea is that a document is deemed to be relevant to a query if its
corresponding document language model is more likely to generate the query. A
probabilistic language model is developed explicitly for each individual document in
the collection. Therefore, the translation probability P(tls) can be naturally inte-

grated into the retrieval model where s is the source term and ¢ is the target term.
However, the diversity of the proper name transliteration makes it difficult to have a
translation model that handles all the possible proper name translation.

The proper name transliteration was often modeled by the SMT framework. Virga
et al. applied statistical machine translation models to translate English names into
Chinese characters for Mandarin spoken document retrieval [4]. Knight and Graehl
proposed a generative transliteration model for Japanese and English using finite state
transducers [11]. Meng et al. developed an English-Chinese Named Entity (NE) trans-
literation technique using a pronunciation lexicon and phonetic mapping rules [3].
Most of the above statistical machine translation approaches were based on the IBM
noisy source-channel model framework [12]. Instead of using the noisy source-
channel model, Gao et al. proposed a direct modeling approach to estimate the poste-
rior probability using phoneme chunks as the contextual features [13]. Li et al.
proposed direct orthographic mapping with a joint source-channel model for proper
name transliteration [14]. Kumaran and Kellner [15] also implemented a generic
transliteration framework using an approach similar to [14]. On the other hand, due to
the challenge of machine transliteration, additional data source such as comparable
corpora and web were explored to improve the performance [16-17]. All of these
approaches had a scoring mechanism to test how likely a given pair of names in
source and target languages is the transliteration of each other. This is a key compo-
nent and is the aspect we focus on in this paper.

One popular approach for proper name CLIR is to translate queries from the source
language to the target language. IR module is then applied for document retrieval. By
this approach, the CLIR is addressed by two separated tasks. For the LM based IR, a
probabilistic language model is developed explicitly for each individual document in
the collection. The translation probability P(tls) is needed for retrieval model. How-
ever, proper name transliteration is a challenge task. The P(tls) can be less accurate.
In this paper, we propose a unified framework which integrates the proper name
transliteration similarity measurement into the retrieval model.

3 Our Approach

In this section, we first describe the baseline retrieval model and its extension to the
proposed transliteration retrieval model. We then present our approach to calculate
proper name transliteration similarity in latter section.

3.1 Retrieval Model

In language model based IR, a probabilistic generative framework is used for ranking
each document D in the collection by a given query Q. This concept can be de-
scribed by P(D I Q) [18]. The ranking criterion is usually approximated by the likeli-
hood of Q generated by D, i.e., P(QID). By this approach, each document is
treated as a probabilistic language model for generating the query. If Q is treated as a
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sequence of words, Q=ww,---wy , which is assumed to be independent of each
other given D, and the word order is assumed to be irrelevant, (the “bag-of-words”
assumption), the relevance measure P(Q | D) can be decomposed as a product of the
probabilities of the query words generated by the document:

P(Q1D)=T]P(wi D)y
e (M)
oc Zc(w, Q)log P(wl D)
weQ

where ¢(w,Q) is the number of times that each distinct word w; occurs in Q. The
document ranking is now simplified by the document model P(wl D). The simplest
way to construct P(wID) is using the unigram LM, where each document in the
collection can respectively offer a unigram distribution for observing a query word.

A similar notion can be applied to CLIR by introducing the translation probability

(w [w f) into the formulatlon where w, is an English query term and w, is a
Chinese document term' [19]. The retrieval model for CLIR given the English query
Q, and the Chinese document D, can be formulated as:

plo,1p,)= T] Plw, 1D, yt=2)

w,eQ,
2
o< Z 0, )log ZP(W wa) (wfIDf)
w0, wjeDf

Due to the OOV and diversity natural of the transliteration, it can be a challenge to
estimate the translation probability of P(we lwy ) We therefore redefine the scoring
function as

P(Qe IDf)oc ZC(we,Qg)log ZTransliteration(wg,wf )P(wf IDf) , 3

w,€0, wreDy
where Transliteration(wg, w f) is an approximated transliteration probability obtained
by the following sigmoid operation:

1
1+exp(— }/~sim(we,wf)+ﬂ)

, “4)

Transliteration(we Wy ) =

The weight ¥ and S describe the steepness and central of the sigmoid function,
respectively. The Sim(wg,w f) denotes the similarity between the query term w, and
the document term w , . This sigmoid function is introduced to converts the similarity
measure, Sim(we,w 7 f, into a probability measure. The idea underlying the proposed
model is that the greater the similarity score implies the greater likelihood of an ap-
propriate transliteration.

' In the SMT community, e and f are represented as English and foreign language, respectively.
In this paper, e denotes English and fis Chinese.
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3.2 Transliteration Similarity Sim(wg,w f)

For a given proper name pair, one from the source language and the other from the
target language, our goal here is to explore approaches with reliable similarity scoring
mechanism which yields high accuracy with low computational complexity. For ease
of illustration, we choose English and Chinese name transliteration for this study.

Intuitively, proper name transliteration “translates” a proper name from the source
language to the target language based on pronunciation. Phonetic based edit distance
measures should provide a good evaluation method. However, the source and target
language can have very different base phone sets. One has to convert these phone sets
to a unified phone set for edit distance calculation. Due to pronunciation differences
between the source and target languages, the phone set mapping can be “one to
many”’, “many to one” or “one to none”. Additionally, pronunciation difference be-
tween some phone pairs can be more significant than the other pairs. For example, the
transliteration difference caused by /t/ and /d/ should incur less error than the differ-
ences cause by /t/ and /e/. Instead of treating all errors with unique cost, we need a
similarity measure rather than phonetic based edit distance. Some linguistic back-
ground may help hand craft the phone set mapping rules with weights. Instead, we use
a phonetic based SMT framework to derive the mapping rules.

We propose a left-to-right discrete HMM based alignment to measure the similar-
ity for a given proper name pair. Prior to alignment, the proper name pairs are con-
verted to phone sequences. In the discrete HMM alignment, we treat each phone to be
aligned as a state which is characterized by a multinomial distribution. The emission
probability for each state is the conditional probability of phone in target language

given by phone in source language p( f Ie) , or by a null probability model. The null
probability model is presented by either p( f |¢) or p(q) | e). The phrase-based SMT
framework can be utilized to derive the state emission probability p( f Ie) . The valid

state transition is from left to right with self looping, and with the maximum jump of
two states. A uniform probability is used for all valid state transition. The best path
can be calculated by the dynamic time wrapping (DTW). The similarity score is the
best alignment score normalized by the total length.

The parallel training corpus for SMT to derive p(fle) is organized as such that the
English phone sequences (in English phone set) are paired with their corresponding
Chinese phone sequences (in Chinese phone set). Words with multiple pronunciations
are fully enumerated. The SMT models are developed by a commonly used recipe
[22]. The phrase table p( f Ie) is used as the emission probability for the HMM
alignment. The phrase table size is set to 2. Thus, one or two phone sequences in the
source language can mapped to one or two phone sequences in the target language
and vice versa. Please refer to [24] for more details.

4 Experimental Setup

Two consecutive experiments were setup to verify the proposed framework. The first
experiment is to assess the performance of proper name transliteration similarity
measurement. To this end, a parallel corpus consisting of English and Chinese proper
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name pairs was extracted from the people section of the multilingual Wikipedia. Ap-
proximately 3,000 pairs were used for training and 300 pairs for testing. To evaluate
the robustness of the proposed similarity measurement, match and unmatched condi-
tions were both tested. The 300 pairs were used as a matched condition test. A sepa-
rated 1,000 unmatched test pairs were created randomly from the 300 matched pairs.
The English and Chinese pronunciations were obtained by the IBM voice toolkits.
Multiple pronunciations for a given word were considered to be uniformly distributed.
All possible combinations of pronunciation were created in both training and test set.

The second experiment is document retrieval using the data compiled from the
NTCIR-7 Information Retrieval for Question Answering (IR4QA) task [20]. IR4QA
evaluates the performance of document retrieval using Average Precision (AP) met-
rics. This task is embedded in the context of cross language question answering. In
this study, we used the EN-CS (English to Simplified Chinese) subtask, which in-
cludes 545,162 documents and 97 queries, for the retrieval experiments. Of the origi-
nal 97 queries, 10 proper name related queries (listed in Table 2) were extracted to
verify our proposed method. The retrieval results were presented by AP.

5 Results and Discussion

We first evaluated the performance of the proper name transliteration similarity
measurement. The phonetic based transliteration SMT system was developed. The log
probability of e2f and f2e from phrase tables were used to calculate the similarity
score for both matched and unmatched proper name pair test set. A larger value repre-
sents a higher similarity. If the similarity score for a matched pair is lower than a
given threshold, this pair is falsely rejected. If the similarity score for an unmatched
pair is higher than the threshold, this pair is falsely accepted. The performance metrics
can be evaluated by the Equal Error Rate (EER), where the error rate of the false
rejection of matched pairs and the false acceptance of unmatched pairs are identical.
The EER for our proposed method was 3.47%. This low EER provides a good foun-
dation for proper name CLIR. For comparison, the transliteration employing the
commonly used SMT framework was also explored. The translation of a given phone
sequence from the source language to the target language was performed. The similar-
ity of the translated phone sequence and true target phone sequence was calculated
using BLEU score [23]. While setting the phrase table size equal to 8, the SMT
framework yielded the best performance at the EER of 7.1%, which is substantially
higher than that of our approach. We also compared the edit distance between spelling
of English name and Pinyin of Chinese names. The EER for the orthographic based
edit distance is 22%. Table 1 summarizes these results.

Table 1. Equal error rates (EERs) for various similarity measures

Approach EER(%)
Orthographic Edit distance 22.27%
Phonetic Based SMT 7.10%
Proposed Method 3.43%
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Table 2. Baseline retrieval results (in AP) for NTCIR-7 ACLIA EN-CS

Topic Query Baseline | NTCIR7(Avg.)
ACLIA-CS-T42 | AH7%% (Bin Laden) 0.0585 0.1628
ACLIA-CS-T43 B 1iH/Rk% (Ronaldo) 0.8664 0.6319
ACLIA-CS-T55 | MAEA>K (Khatami) 0.7843 0.5054
ACLIA-CS-T61 ﬁ%@ﬁ (Clinton) 0.6659 0.4514

FAR T (Lewinsky)

ACLIA-CS-T338 | IS4 (Suharto) 0.7747 0.5837
ACLIA-CS-T339 | ¥ B 2L i[5 (Primakov) 0.8304 0.6226
ACLIA-CS-T340 | Z%f% 3 (Nong Duc Manh) | 0.9485 0.6935
ACLIA-CS-T367 | H744F] (Ranariddh) 0.7103 0.4774
ACLIA-CS-T376 | BLJ2/K (O'Neal) 0.6275 0.3967
ACLIA-CS-T379 | ¥ (Duncan) 0.6442 0.3685

Avg. - 0.6911 0.4894

For document retrieval, we first evaluated the retrieval model (cf. Eq. (1)) on the
monolingual task (CS-CS) using entire 97 queries. The unigram document language
model P(w | D) is constructed with Dirichlet smoothing where the smoothing parame-
ter 4 is determined by maximizing the leave-one-out log likelihood of the entire
document collection [21]. The AP of this approach is 0.5764. The best performance
for this query set from the NTCIR report is 0.6184 and the average AP from all par-
ticipated systems is 0.4276. Our monolingual baseline retrieval model is comparable
to the best systems of the NCTIR-7 report.

We then performed retrieval experiment using the 10 proper name query topics.
Our baseline yielded overall AP of 0.6911, which outperformed the average AP” of
0.4894 from all systems (cf. Table 2). However, while examining the AP of each
individual query topic, our baseline performed is worse than the average for the query
ACLIA-CS-T42. The reason is that the proper name “Bin Laden” has been transliter-
ated as “AR7E”, “AHLF1, and so on, in the document collection. This multiple
transliterations degrade the performance of our baseline, which uses words as the
indexing unit. To address the problem of ACLIA-CS-T42 query topic, it is necessary
to extend the baseline to our proposed approach, which integrates the transliteration
similarity function into the retrieval model (cf. Eq. (3)). To evaluate the performance
of proposed approach, we needed the document collection equipped with controlled
multiple transliterations. We created a homogenous name list for those proper names
used in the test query topics and uniformly replaced those names into the original
document collections. The homogenous names list and associated Pinyin are shown in
Table 3. The baseline performance for each original query against the new synthetic
document collection was presented at Table 3 (denoted as “Synthetic”). When a
proper name has n alternatives, the performance degradation will be approximately
(n/n+1).

% The best performance for individual query is not available from NTCIR reports. We can only
compare our baseline with the average AP.
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Table 3. The homogenous name list and retrieval results (in AP) on the synthetic collection

Original Alternatives Synthetic
E&D‘W‘]mg (Ronaldo) gi[}\]g gi[}\]g CEW‘];]—\’E Eﬂ gg 0.1284
/luo na er duo/ /luo ne du/ /luo ne duo/ /luo ne er du/ /lang na du/ ’
WAEE K (Khatami) K K WAk K 0.1261
/ha ta mi/ /ka ta mi/ /han ta mi/ /ha ta mi/ /ken ta mi/ ’
FEAKI (Clinton) AR AFRAT AT AR

/ke }in dl{n/ /ke lin dqn/ /ke lin dun_/ /ke lin dun/ 3 0.2126
SRS (Lewinsky) B SCH A ARSI SRS

/lai wen si ji/ /lu wen si ji/ /li wen si ji/ /lai wen si ji/

dj\ﬂé\ik‘E (Suharto) %H/EHZE ﬁﬂ/ﬁ\ﬂ\'*{: *%(uéﬂ\'*ﬁ '):E”/El\j:E 0.1220
/su ha tuo/ /sa ha tuo/ /su ha er tuo/ /sa ha er tuo/ /shi ha tuo/

%%gjﬂ‘% (PrimakOV) jélzj:d(gjm‘;{‘ %*U%ﬂf %*[JQJ$+§{A %*IJEJ}E% 0.1418
/pu li ma ke fu/ /pu li ma ke fu/ /pu lin ma ke fu/ /pu li ma ke fu/ /pu li ma ke fu/ ’
ZQ?%\D%(Nong Duc Manh) m?%ﬁ& ZQ?%?ETI {Z‘E?vﬂrﬁ: 0.2124
/nong de meng/ /nong de meng/ /nong de meng/ /nong de meng/

#ﬁé?‘]*u (Ranariddh) #ﬁﬁﬁzﬁl #_\JZ;;K%IJ ﬁémf?ﬁ?% E—Lﬁﬁf% 0.4564
/la na li/ /la na lie/ /la na li/ /la na rui de/ /la na rui/ ’
BB 7KK (O'Neal) FRIE/K B /R BRB T FRJEH 0.1625
/ao ni er/ /ou ni er/ /ao nier/ /ounier/ /ounier/ ’
W5# (Duncan) Y MHE OMHE 0.1556
/deng ken/ /zheng ken/ /dang ken/ /dan ken/ )

We then evaluated the proposed method against the synthetic collection document.
We first assumed a perfect similarity function (Eq. (4)): Sim(W,, Wp=1 if a pair of
words is in the homogenous name list; otherwise, Sim(W,, W)=0. This ideal function
can be the Oracle results of our approach (denoted by “Oracle” in Table 4). The Ora-
cle results outperform the baseline results for query topics “ACLIA-CS-T42” and
“ACLIA-CS-T367”, which suggests that the original document collection may have
multiple transliterations for these two query topics. This approach also slightly out-
performs the baseline in a few query topics. This performance improvement can stem
from the segmentation error. For example, if “F}#Rifiji#& is included in the document
lexicon, it might be a mis-segmentation of “F}#Kiiii”, whereas our approach is able to
retrieve this document. However, this experiment is impractical since the complete list
of transliterations for the document collection is unknown.

Next, we manually tagged 2,000 candidate proper names from the document col-
lection for similarity function evaluation. These 2,000 candidate proper names are
related to the homogenous name list. At least one character from the candidate proper
name has a similar pronunciation to the homogenous name list. This test data was
used to evaluate the robustness of our approach against the false acceptance of OOVs.
The similarity scores for these proper names were calculated. The weights of ¥ and
f used in sigmoid operation (cf. Eq. (4)) were optimized based on the experiments
shown in Table 1 (with an EER of 4.3%). The corresponding results were shown in
Table 4 (denoted by “Taggers”). The average of all APs was degraded slightly from
0.7254 to 0.6516, while compared to the Oracle results.

Last, we evaluated the worse scenario by using the vocabulary from the complete
set of lexicon with length of 2 to 5, to calculate similarity function. It resembles a
scenario when the Named Entities (NE) tagger is not available. This test scenario
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created the maximum number of false acceptance of OOVs. The average AP for this
experiment drops from the Oracle performance of 0.7254 to 0.4040 (denoted by
“Worst”), but it is still much better than that of 0.1776 obtained by the baseline re-
trieval approach on synthetic document collection. The results clearly showed that our
proposed transliteration retrieval model and the low EER of similarity function can
properly handle the multiple proper name transliteration problems. Even without the
NE tagger (cf. “Worst” in Table 4), the proposed method provides significant im-
provements over the baseline of the synthetic document collection.

Table 4. Retrieval results (in AP) for the simulated document collection

Topic Synthetic Oracle Tagger Worst
ACLIA-CS-T42* 0.0585 0.1391 0.0777 0.0522
ACLIA-CS-T43 0.1284 0.8663 0.3870 0.1497
ACLIA-CS-T55 0.1261 0.8014 0.7936 0.2112
ACLIA-CS-T61 0.2126 0.6899 0.6884 0.6977
ACLIA-CS-T338 0.1220 0.7749 0.6642 0.0415
ACLIA-CS-T339 0.1418 0.8304 0.8307 0.8360
ACLIA-CS-T340 0.2124 0.9485 0.9176 0.9117
ACLIA-CS-T367* 0.4564 0.9319 0.8931 0.8784
ACLIA-CS-T376 0.1625 0.6276 0.6293 0.2613
ACLIA-CS-T379 0.1556 0.6442 0.6340 0.0002

Avg. 0.1776 0.7254 0.6516 0.4040

6 Conclusion

Due to the diversity of proper name transliteration, the transliteration accuracy can be
impaired, leading to performance degradation in proper name CLIR. We proposed a
unified transliteration retrieval framework which integrates the transliteration similar-
ity measurement into the relevance scoring function. Instead of performing proper
name transliteration, a transliteration similarity function is used in our framework.
The EER of the proposed similarity function can be as low as 3.5%, which reduces
the negative impact of proper name CLIR due to the uncertainty of transliteration.
The CLIR experiments were conducted using the NTCIR7 IR4QA dataset. The cor-
pus was first corrupted by introducing 4 to 5 different transliterations. These new
proper names severely degraded the IR performance. The CLIR performance was
recovered by our proposed method.
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