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ABSTRACT

Translation of proper names is generally recognized as a sig-
nificant problem in many multi-lingual text and speech processing
applications. Even when large bilingual lexicons used for machine
translation (MT) and cross-lingual information retrieval (CLIR) pro-
vide significant coverage of the words encountered in the text, a
significant portion of the tokens not covered by such lexicons are
proper names (cf e.g. [3]). For CLIR applications in particular,
proper names and technical terms are particularly important, as
they carry some of the more distinctive information in a query. In
IR systems where users provide very short queries (e.g. 2-3 words),
their importance grows even further.

Proper names are amenable to a speech-inspired translation ap-
proach. When writing a foreign name in ones native language, one
tries to preserve the way it sounds. i.e. one uses an orthographic
representation which, when “read aloud” by a native speaker of the
language sounds as it would when spoken by a speaker of the for-
eign language — a process referred to as transliteration. If mech-
anisms were available (a) to render, say, an English name in its
phonemic form, and (b) to convert this phonemic string into the or-
thography of, say, Mandarin Chinese, then one would have a mech-
anism for transliterating English names using Chinese characters.
The first part has been addressed extensively in the automatic text-
to-speech synthesis literature. This paper describes a statistical ap-
proach for the second part.

Several techniques have been proposed in the recent past for
name transliteration. Finite state transducers that implement trans-
formation rules for back-transliteration from Japanese to English
are described in [2], and extended to Arabic in [5]. In both cases,
the goal is to recognize words in Japanese or Arabic text which hap-
pen to be transliterations of English names. The strongly phonetic
orthography of Korean is exploited in [1] to obtain good transliter-
ation using relatively simple HMM-based models. A set of hand-
crafted rules for locally editing the phonemic spelling of an En-
glish name to conform to Mandarin syllabification is provided to a
transformation-based learning algorithm in [4], which then learns
how to convert an English phoneme sequence to a Mandarin sylla-
ble sequence. We describe here a fully data driven counterpart to
the technique of [4] for English-to-Mandarin name transliteration.

In addition to intrinsic evaluation, we test our transliteration sys-
tem extrinsically for cross-lingual spoken document retrieval by us-
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ing English text queries to retrieve Mandarin audio from the Topic
Detection and Tracking (TDT) corpus.
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TRANSLITERATION SYSTEM

We break down the transliteration process into four steps as de-
picted in Figure 1: (i) converting an English name into a phonemic
representation using the Festival speech synthesis system, (ii) trans-
lating the English phoneme sequence into a sequence of initials and
finals — standard sub-syllabic units for expressing pronunciations
of Chinese characters, (iii) transformating the initial/final sequence
into a sequence of pin-yin symbols, and (iv) translating the pin-yin
sequence to a character sequence. Steps (i) and (iii) are determin-
istic transformations, and steps (ii) and (iv) are accomplished using
statistical means.
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Figure 1: Four Steps in English-Chinese Transliteration.

Since the IBM source-channel model for statistical machine trans-
lation will play a vital role in our system, we describe it very briefly
here for completeness. If one is translating English sentences to
Chinese using this model, a I-word English sentencee = e; ... er
is thought of as the output of a noisy “channel” whose input is its
correct J-word Chinese translation ¢ = ¢1 ... c¢y. Having ob-
served the channel output e, one seeks a posteriori the most likely
Chinese sentence

¢ = arg max P(c|le) = arg max P(e|c)P(c)
The translation model P(e|c) is estimated from a paired corpus of
English sentences and their Chinese translations, and the language
model P(c) is trained from Chinese text.

Since we seek Chinese names which are transliteration of a given
English name, the notion of words in a sentence in the IBM model
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Figure 2: English-to-Chinese Name Transliteration System.

above is replaced with phonemes in a word. In our case, e is an
English name, with e; e2 ... er beign its phonemic pronuncia-
tion, and c¢1 c2 ... cy is the string of sub-syllabic units (initials
and finals) corresponding to the Chinese transliteration c of e. A
block diagram showing how such a system is trained and utilized is
depicted in Figure 2.

Transliteration Model Training : We have available from the au-
thors of [3] a small corpus of about 3875 English names and their
Chinese transliteration. A pin-yin rendering of the Chinese translit-
eration is also provided. We use the Festival system to obtain a
phonemic pronunciation of each English name. Finally, the pro-
nunciation of a pin-yin symbol using an inventory of initials and
finals is obtained from an elementary text on Mandarin phonology.
The net result is a corpus of 3875 pairs of “sentences” of the kind
depicted in the second and third lines of Fig 1. A second corpus
of 3875 “sentence” pairs is derived corresponding to the fourth and
fifth lines of Fig 1, this time to train a statistical model to translate
pin-yin sequences to Chinese characters.

Training for Intrinsic Evaluation (MT-small): For purposes of
comparing with the transliteration accuracy reported in [4], we di-
vide our corpus into 2584 name-pairs for training the system and
1291 name-pairs for testing its intrinsic transliteration performance.

Training for Extrinsic Evaluation (MT-big): For subsequent CLIR
experiments, we create a larger training set of 3625 name-pairs,
leaving out only a small set of 250 names-pairs for testing.

The actual training of all translation models proceeds according
to a standard recipe recommended in the GIZA++ statistical MT
toolkit, namely 5 iterations of Model 1, followed by 5 of Model 2,
10 HMM -iterations and 10 iterations of Model 4.

Intrinsic Evaluation of Transliteration: We evaluate the efficacy
of our transliteration at two levels. For comparison with the set-
up in [4], we measure the accuracy of the pin-yin output produced
by our system after Step (iii) mentioned above. The results are
shown in Table 1, where pin-yin error rate (PER) is the edit dis-
tance between the “correct” pin-yin representation of the correct
transliteration and the system output. Note that the performance
of our fully statistical method is quite competitive with previously
known results. We further note that increasing the training data re-
sults in further reduction of the syllable error rate. We remark that

System Training | Test | PER | CER
H. Meng [4] 2233 1541 | 52.5 | NA
MT-small 2233 1541 | 50.8 | 57.4
MT-big 3650 250 | 49.1 | 574

Table 1: Pinyin and Character Error Rates

this performance, while comparable to other systems, is not very
satisfactory and merits further investigation.
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We also evaluate the efficacy of our second translation system
which maps the pin-yin sequence produced by the previous stage
to a sequence of Chinese characters, and obtain a character error
rate (CER) of 12.6%.

2. SPOKEN DOCUMENT RETRIEVAL

We build upon the experimental infrastructure developed at the
2000 Johns Hopkins Summer Workshop [3] where considerable
work was done towards indexing and retrieving Mandarin audio
to match English text queries. Specifically, we find that in a large
number of queries used in those experiments, English proper names
are not available in the translation lexicon, and are subsequently
ignored during retrieval. We use the technique described above to
transliterate all such names into Chinese characters and observe the
effect on retrieval performance.

The TDT-2 corpus, which we use for our experiments, contains
2265 audio clips of Mandarin news, along with several thousand
contemporaneously published Chinese text articles, and English
text and audio broadcasts. The articles tend to be several hundred
to a few thousand words long, while the audio clips tend to be two
minutes or less on average. Exhaustive relevance judgments are
provided for several topics in TDT-2. i.e. for each of at least 17
topics, every English and Chinese article and news clip has been
examined by a human assessor and determined to be either on- or
off-topic. We use a randomly selected English article on each of the
17 topics as a query, and wish to retrieve all the Mandarin audio
clips on the same topic without retrieving any that are off-topic. We
use the query term-selection and translation technique described in
[3] to convert the English document to Chinese, the only augmen-
tation being the transliterated names — there are roughly 3000 to-
kens in the queries which were not translatable in [3], and almost
all of them are proper names. We report IR performance with and
without the name-transliteration.

Retrieval Performance: We indexed the ASR transcriptions of the
TDT-2 Mandarin audio using the HAIRCUT system. Using a Man-
darin text document as a query, we obtained a monolingual baseline
mean average precision (mAP) of 0.701 for word-based indexing
and 0.762 for character-bigram indexing. The difference is sta-
tistically significant at a p-value of 0.014. We then used English
documents as queries, performed query translation, and retrieved
using character-bigram indexing. The mAP improved from 0.501
to 0.515 by adding name-transliteration (p = 0.084).

Ongoing Work: We have recently received a large list of nearly
2M Chinese-English named-entity pairs from the LDC. As a pi-
lot experiment, we simply “translated” those names in our English
queries which happened to be available in this LDC list. The mAP
improvement from 0.501 to 0.506 was insignificant (p = 0.421).
We are investigating the cause for this disappointing improvement,
and are also training a better transliteration model from this cor-
pus.
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