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Abstract. This document describes the Microsoft Research IME (MSR-IME) Cor-
pus, a test corpus for language modeling research based on the task of Japanese
character conversion for text input. The aim of the corpus is to facilitate research in
language modeling by providing a data set on a redlistic, non-trivial task that is yet
easy to use. The corpus consists of 6,000 sentences, and includes the gold-standard
output of conversion, the corresponding input phonetic stream in kana, and the 100-
best list of conversion candidates, specificaly prepared for the re-ranking formula-
tion of the task. This report includes the description of the task of Japanese character
conversion for text input, the details of the corpus as well as the guidelines used to
assign the readings to the reference file.

1 Introduction

This report describes the Microsoft Research IME (MSR-IME) Corpus, a test corpus for
language modeling research, using the application of Japanese Input Method Editor
(IME). IME is a software technology that provides a standard method for inputting text in
Asian language such as Chinese and Japanese, and has been the subject of language mod-
eling research in the context of Pinyin-to-Character conversion in Chinese (Gao et al.,
2002a) and Kana-Kanji conversion in Japanese (Gao et al., 2002b).

Thetask of IME consists of converting the input phonetic strings provided by the user into
the appropriate word string using ideographic characters. This is a similar task to speech
recognition in many ways. the most obvious similarity is that the problem can also be
viewed as a Bayesian decision problem. Let A be the input phonetic string, which corre-
sponds to the acoustic signal in speech. The task of a text input system is to choose the
most likely word string W among those candidates in GEN(A) that could have been con-
verted from A:
W™ =argmaxP(W | A) =argmaxP(W)P(A]W) (@0}

WeGEN(A) WeGEN(A)



Unlike speech recognition, however, there is no acoustic ambiguity in text input, because
the phonetic string is provided directly by users. Moreover, in most cases we can assume a
unique mapping from Wto A in text input, i.e., P(A|W) = 1, so the decision of Equation (1)
depends solely on P(W), i.e., the language model probability. A unique mapping from W
to A also meansthat it is relatively simple to convert Wto A, which facilitates the creation
of training data. The mapping from A to W, however, is highly ambiguous, subject to both
word segmentation and character conversion ambiguities. This will constitute a challeng-
ing task for language modeling, yet the cost of developing the training and test data is
relatively low, which makes it an ideal application for evaluating language modeling tech-
niques. The MSR-IME corpus provides atest data set for this purpose.

2 TheCorpus
The MSR-IME Corpus consists of three types of data:

Reference files. They consist of 6,000 sentences randomly extracted from two Japanese
news sources, and serve as the gold-standard reference conversion for the task of IME.

Reading files. These files consist of corresponding kana readings for the sentences in the
reference files, and serve as the input files for IME. The readings are assigned by two
native speakers of Japanese manually inspecting and correcting the results of an automatic
conversion. The specification for the reading assignment is found in Section 4.

N-best files. These files contain 100-best conversion candidates for each sentence in the
reading files, produced by our word-trigram-based baseline language model (Gao et a.,
2002a). These files can be used specifically for evaluating re-ranking approaches.

3 Basdineresults

We ran our baseline word trigram language model mentioned above on the MSR-IME
Corpus. The model was trained on a 36-million-word Nikkei newspaper corpus, and used
alexicon consisting of 167,107 entries, which are the same settings under which we have
run our previous experiments (Gao et al, 2002b; Gao and Suzuki, 2003; Gao et al., 2005;
Suzuki and Gao, 2005; Yuan et al., 2005). Table 1 summarizes the results: CER refers to
character error rate, which is the number of characters wrongly converted from the pho-
netic string divided by the number of charactersin the reference transcript. Oracle CER is
the best CER obtained by choosing the best analysis in the 100-best candidate list.

source  # sentences # characters CER (%) oracle CER (%)
newsl 3,000 158,796 3.73 1.50
news2 3,000 190,474 2.29 0.72

Table 1: CER of the baseline trigram model



4 Annotation guidelinesfor assigning reading information

This section contains the specification for creating the reading files mentioned in Section
2.

4.1 Treatment of numbers
Alphanumerical characters are left intact in the reading file. For example:

-6, 000F/nH15, 000 Fa (TR
6, 000%XA5H15, 000XAIZxAbrd

However, kanji numerals are converted into their reading, asin:

- PR R 4 BAE O AR
cTHALY ) LI s BAUTASVWDZAZF ST

Some numbers written in kanji characters have the reading that is not compositional of the
readings of component kanji characters. For example, JLlU ispronouncedas Zw 5 Uw 95
& A inthe following context, where U« 5 isnot realized in writing:

U+ —AHIZIEZEIE oS & %6 <

In such a case, we chose to assign reading for each character rather than for the whole
word:*

cEW I EAPEY I L) KJRALY S WNEBERDIIRTANODNNT S 2D 6B L
We designated the following readings in parentheses for each kanji numeral:
—(WH) D) ZE(E A (E ANE(D)R(A L) EERR)NITH)IL(XF @ 9)O(FE D)

The above rule is applied only when two or more of kanji numerals are used consecu-
tively. Otherwise, readings are assigned for the whole word as they are pronounced:

- —H:o2Wib or WHIZH (depending on the context)
LA B[P E 9 9 ]

cREFT A2V RLKEAPAL O EA]
cU—RKE: LA—ALIEH

4.2 Treatment of alphabets and symbols

Roman a phabets are | eft intact in the reading file:

- EUBRREEM,
CEURHPNIT S EUBL,

1 Expression in brackets with an asterisk means we did not choose this annotation.



Below are the symbols that remain intact in the reading file:
oy %&HESK O T {} =+—-—

4.3 Ambiguous reading

Words with multiple possible readings are disambiguated as much as possible using con-
textual knowledge. For example, 4 H can either beread as Z AlcH or = 1 9, but it is
unambiguous in the following examples:

cRWER AR TS ADORIZ 5T,
RPN ELEASNTZARLEDON =BT T,

S HDOIRIFAZZIZL L D,
X EHOOPHIFAFIETZICLE D,

Certain words have multiple valid readings in a single context (for example, 33 B can be
7 or H L7-) —in these cases, our annotators chose a reading according to their prefer-
ence.

4.4 Reading of proper names

For proper names, whose readings are difficult to estimate correctly, we resorted to as
many resources as possible, both on the web and in books, including lists of Japanese
addresses, technical terms, and who's who.

For Chinese- and Korean-origin names written in kanji, commonly used readings are as-
signed if thereisone available (e.g., FEE as LidtA; Hifiifas & A& H; kiffas L
ATV, &K= as T L A X Tr). Otherwise, we assigned our best guess reading based
on the Japanese pronunciation of the kanji characters.

45 Other

We did not convert the katakana ™' into hiragana, and used the character in the reading
file.

TR 4 T ORER
cUzROWHONEL

5 Conclusion

This document described the MSR-IME corpus, a test corpus for language modeling re-
search. The corpus is available for download from the following website:
http://research.microsoft.com/research/downloads/. As thisisthe version 1.0 release, unin-
tended errors may be found in the corpus. We appreciate your feedback — for question or
feedback, please send us email at msrimeco@microsoft.com.
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