Semi-automatic Acquisition of Machine Translation Knowledge from Examples

Fuji REN Institute of Information science , Hiroshima City University, 3-4-1, Ozuka-Higasi,Asa-Minami-Ku,Hiroshima, 731-31, Japan ren@its.hiroshima-cu.ac.jp

Lixin Fan Digital Express Corporation 3-601, Ozuka-Nisi 6-14, Asa-Minami-Ku, Hiroshima, 731-31, Japan

Jian-Yun NIE DIRO, UniversitØ de MontrØal C.P. 6128, succ. centre-vile, QuØbec, H3C 3J7 Canada nie@iro.umontreal.ca

Youliang JIAN Computer Institute, Dalian University of Technology 116023, Dalian, China newyou@dlut.edu.cn

Abstract

A crucial problem in rule-based machine translation is the acquisition of translation knowledge. Many studies have been conducted for automatic acquisition in the past, but they require a great deal of annotated examples. In this paper, we describe a semi-automatic acquisition from translation examples in Japanese-Chinese environment. Whenever necessary, the process interacts with a user (a linguist) who will provides additional information and constraints for generalizing the translation examples. The semiautomatic approach is more efficient in the sense that less examples are required than automatic approaches. Once the acquired knowledge is integrated with an MT system, we observe an improvement in translation quality.

Keywords: Machine Translation, Example, Translation Knowledge

1. Introduction Many Machine Translation (MT) systems use rules to transfer a sentence from the source language to the target language. It is a pre-requisite that the rules used have a good coverage of the linguistic phenomena of the domain of interest. How to acquire the necessary translation rules is a crucial problem. In many MT systems built so far, translation knowledge is often edited and input manually. Beside the amount of tedious manual work, the manual editing may also produce many errors. In addition, it is difficult for the built system to deal with particular problems in a given application (for example, to translate legal documents). It is important to endow MT systems with the capacity of acquiring new knowledge during its utilization.

The problem of automatic knowledge acquisition in MT has been investigated in a number of studies (Furuse, 1992; Kaji. 1992; Kitamura, 1996; Sato, 1995; Watanabe, 1993). Knowledge is usually extracted from translation examples provided to the system. However, it is often assumed that lexical, syntactic and semantic analyses may be proceeded successfully in both source and target languages. This assumption cannot be made for languages such as Chinese because syntactic analysis is still problematic (Sun, 1994; Yu, 1995). If a completely automatic acquisition is applied to Chinese the errors produced

during Chinese analysis would make the resulting rules almost useless. So, from a practical point of view, we think it is better to limit the requirement for automatic analysis of Chinese, and to ask the user for help when the system does not have all the necessary knowledge. This point of view agrees with

(Kay, 1997) and several other studies (LangØ et al. 1997; Dagan and Church, 1997; Zajac and Vanni,

1997; Ren et al. 1996).

Beside this, automatic approaches also have the following problems:

- An example is often given to illustrate the translation of certain word or linguistic phenomenon. It may not be exemplary for other words involved. An automatic acquisition process cannot make difference between them. The same process is applied uniformly to every word. Undesired rules (noise rules) may be extracted. One can always apply statistical criteria to extract translation rules that are verified by a good number of examples. It is often difficult to obtain sufficient examples.

- Extracting rules from examples also implies generalization. One can generalize examples to several different levels. For example, in some cases, the translation rule extracted may still apply if a word in the sentence is replaced by another one in the same syntactic category, or in the same semantic category.

The appropriate level of generalization of an example cannot be recognized automatically. The only way to generalize in an automatic approach is to observe a number of similar examples. Some generalization may be made only if all the examples agree with it. We have the same problem of requiring a great deal of examples.

In our semi-automatic acquisition approach, we assume the presence of a "user" who may provide the system with additional information. A user is a person who has linguistic knowledge on both source and target languages. He will be asked to indicate the focus word of an example, to annotate the corresponding components in both sentences, and to choose the appropriate level of generalization for the example. The user works in interaction with the system. In this way, one does not need to annotate all the information uniformly for all the examples. If the system is able to produce a translation rule with the knowledge already acquired, the user is only asked to confirm it. Unnecessary manual annotation may be saved.

Semi-automatic acquisition has been investigated in several other studies. For example (Dagan and Church, 1997) uses a semi-automatic approach to extract terminology translation glossary. In our case, more structure is concerned: we deal with not only word translation, but also sentence structure.

Our acquisition process is composed of the following three steps:

- automatic Japanese input analysis

- user-assisted annotation of the example

- construction of a translation rule

The acquisition process described in this paper has been integrated into a Japanese-Chinese MT system, JC-TRANS (Ren 1996; Jian 1997). The system possesses an initial set of knowledge. It is then augmented with the knowledge acquired semi-automatically. Our preliminary experiments show that with the new knowledge, the quality of translation is greatly improved, and the extraction of rules prove to be much more efficient than the manual process. In the remaining of the paper, we will describe the three steps in more detail.

2. Input analysis

Both word segmentation and sentence analysis for Japanese are part of the translation system JC-

TRANS. This system is shown in Figure 1.

The acquisition process takes advantage of the existing segmentation, annotation and analysis modules of JC-TRANS. In our present study, we are only concerned with Japanese to Chinese translation. Given a Japanese sentence or phrase, it is first segmented into words. Then syntactic and

semantic information is retrieved from the dictionary and associated to each word. There are two types of words in Japanese (and Chinese): "independent words" and "associated words". The first type designates the words which are meaningful alone and may be used independently in sentences. For example, verbs, nouns. On the other hand, associated words are not meaningful alone. They should be used in association with independent words in sentences. We call an independent word, together with its associated word, a "segment". Below is an example of the segmentation result: Input:�~˙ �h�ª˙ � �”˙ �¯ B (change Japanese yens to American dollars) Segmentation result:

�~.˙ �/�h�ª.˙ � /�”˙ �

where ’/’ is the symbol separating different segments and ’.’ separates an independent word and its associated word.

In most cases, the syntactic and semantic analyses of the Japanese sentence for details) allows us to recognize the following information for each independent word (Ind_Word) in the sentence:

- Syntactic category (Syn_Cat) - Semantic category (Sem_Cat) - Case - Associated word (Ass_Word).

Input sentence

Segmentation, annotation

Dictionary Analysis rule base

Post-edition

MT system control

Generating output sentence

Syntactic and semantic analyses

Translation rule base Figur

e 1. Structure of JC-TRANS system

Ind_Word Syn_Cat Sem_Cat Case Ass_Word �~ NOUN money OBJ ˙ �

�h�ª NOUN money D_OBJ ˙ � �”˙ � VERB abstract

transfer

VERB

Table 1. Result of the analysis

In JC-TRANS, a set of semantic categories has been defined. For the moment, it is not sufficiently finegrained, especially for verbs. However, we are able to validate our approach with the limited number of semantic categories. Sometimes, the user’s help is required during the analysis in order to solve ambiguities and to add additional information. The result of the analysis for the above sentence is shown in Table 1 (where D_OBJ means a direction object).

The Chinese translation is also submitted to JC-TRANS. Although it is more difficult to analyze

Chinese than Japanese, with the help of the user and the information obtained from the Japanese input, we can obtain a correct analysis result.

We notice that many examples contain, beside the words that affect the translation, other words that do not. For example, If we insert "Œ` " (thousand) in the above example as follows:

Œ` �~˙ �h�ª˙ � �”˙ �¯

(change a thousand Japanese yens to American dollars) the translation of "�”˙ �" (change) is not affected at all. We remove these words from the input in order to create a cleaner structure. A word or a segment which plays a modifier role in the input, which is not the focus word, is removed. From the cleaned input, a skeleton structure may be produced for the input by replacing each independent word by its case name. The principle of skeleton construction is similar to

(LangØ et al. 1997), but our method go further.

For the above example, we obtain the following skeleton structure:

Skeleton: OBJ . ˙ � / D_OBJ . ˙ � / VERB

OBJ: Word = �~,

Syn_Cat = NOUN,

Sem_Cat = "money"

D_OBJ: Word = �h�ª,

Syn_Cat = NOUN,

Sem_Cat = "money"

VERB: Word = �”˙ �,

Syn_Cat = VERB,

Sem_Cat="abstract transfer"

The first line describes the structure of the input, the other lines give specification of the independent words.

3. Example annotation

The user’s manual annotation aims to indicate the following three types of information: the focus word of the example, the correspondence between independent words in the Japanese sentence and the Chinese sentence, and the constraints on the translation.

1) Focus word: Each example is presented to the system as an example for the translation of one particular word. In our present study, a focus word is a Japanese word. The rule extracted from this example will be attached to the focus word.

2) Correspondence between independent words: The user is asked to indicate, for each independent word in the Japanese sentence, its corresponding word in the Chinese sentence (if the correspondence is not found by the system). In so doing, we are able to drive the syntactic and semantic information for the

Chinese sentence from the Japanese sentence.

3) Constraints: By constraints, we mean all the conditions required for applying the rule extracted from the current example. Constraints may also be viewed as those for the generalization of the example. They are set in order to avoid over-generalization. Constraints may be set at any of the following levels for every independent word in the skeleton: word, syntactic category, and semantic category. If a constraint is set at the word level, it means that the extracted rule may only be applied with the same word at that position. In the two other cases, the word may be replaced by another word (or phrase) of the same category. Therefore, a generalization of the example is made to some extent.

Ind_Word Word Syn_Cat Sem_Cat OBJ �~ NOUN money D_OBJ �h�ª NOUN money VERB �”˙ � VERB abstract transfer

Table 2. Possible constraints on independent words

Let us take the same example to illustrate the annotation process. We assume that the focus word in this example is "�”˙ �". The system will first find word correspondence as much as possible by using the existing knowledge. In case of incomplete or erroneous result, the user is asked to complete or correct it. Figure 2 shows the annotation result for word correspondence.

To set the constraints to this example, the user is asked to choose a level of constraint for each independent word among all the possible options show in Table 2.

Chinese: � . »�–� / �⁄� . � / ƒ¿�

. / . /

Figure 2. Annotated word correspondence

Suppose that the user chooses the constraints at the semantic levels for OBJ and D_OBJ, but the word level for VERB, then the rule extracted will mean: if OBJ and D_OBJ are in the semantic category "money", then a Japanese sentence of the form "OBJ ˙ � D_OBJ˙ � �”˙ � " may be translated into a Chinese sentence of the form "� OBJ �““� D_OBJ" in which, of course, OBJ and D_OBJ have been translated into Chinese by some other rules (or the dictionary).

In some (much less frequent) cases, a condition may also be set on the output. This is the case when the structure changes radically in the translation. For example, the Japanese noun phrase � ` “•�fl»˛ (a NOUN NOUN structure) is translated to �fl»˛� ` “• (a VERB NOUN structure). In this case, we need to detect the change of syntactic category and of structure.

4. Construction of rules

To obtain a translation rule, we first construct a skeleton structure for the Chinese sentence. This is similar to the skeleton construction for the Japanese input. The skeleton construction makes use of the syntactic and semantic information associated to the Chinese output. This information is partly derived from the Japanese input due to the word correspondence annotated by the user, partly indicated by the user. The skeleton structure for our Chinese output example is as follows:

Skeleton: � . OBJ / VERB . � / D_OBJ

OBJ: Word = »�–�,

Syn_Cat = NOUN, Sem_Cat = "money" VERB: Word = �⁄� ,

Syn_Cat = VERB,

Sem_Cat="abstract transfer"

D_OBJ: Word = �¿� ,

Syn_Cat = NOUN,

Sem_Cat = "money"

According to the constraints the user annotated, we can construct a rule as follows:

- Output structure: The output structure is identical to the skeleton structure of the Chinese example.

- Specification of each variable in the skeleton: each variable may be attached with some condition

(Cond) and/or with a translation (Trans). The condition for a variable is that chosen by the user. In addition, some information obtained (e.g. associated word) from Japanese analysis is also attached. A condition is to be satisfied by the component corresponding to the case in the Japanese input. If a translation is attached to a variable, it means that this is the only possible translation for the word in this situation.

For example, from the pervious treatments, we can construct a rule for our translation example which may be represented as follows:

�”˙ �: OUTPUT: � .OBJ / VERB.� /

D_OBJ

OBJ: Cond = (Sem_Cat = "money",

Ass_Word = "˙ � ")

#VERB: Trans = (Word = "�““")

D_OBJ: Cond = (Sem_Cat = "money",

Ass_Word = "˙ � ") where # marks the corresponding position of the focus word. The rule means: if in a Japanese input, the verb "�”˙ � " has two words of the semantic category "money" as its "OBJ" and "D_OBJ", and they have

"˙ � " and "˙ � " as their associated words, respectively, then the output is of the structure "� . OBJ /

VERB . � / D_OBJ " where VERB should be translated as "�““", and OBJ and D_OBJ are translated separately.

Notice that we only require that the Japanese input to have the same case structure (in stead of the same word order) as the example. This is because one may change the place of the OBJ segment and

D_OBJ segment in Japanese.

This is the simplified form of translation rule which does not represent a radical change in structure (this is true in most cases). In case the structure is radically changed, we produce a more complex rule.

An extracted rule may concern the following aspects:

- the choice of the translation word

- the structure of a phrase or a sentence

From the example given above, one can easily see how rules can determine the structure of the output. Let us now describe some particular phenomena that the rules are able to capture.

A word in one language often corresponds to several different words in another language. For example, the Japanese focus word "�”˙ �" given in our example may be translated into �,� ¡�, �⁄� and �““ in Chinese. These words have different meanings, except the two last ones. It is important to choose the correct word translation. From the above example, we can determine that "�”˙ �" in Japanese should be translated into "�““" (change) in Chinese in the specified context (where the objects are

"money"). If in other examples in similar situations, the word "�”˙ �" is translated to "�⁄� ", then the system may conclude that both translations are possible.

For the following sentence, we have a different translation of the word "�”˙ �": Japanese:¯ @�_�˙ �¯ @/�”˙ � Chinese: � / ‹⁄� �

(modify an article / a thesis) The extracted rule from this example is as follows:

�”˙ �: OUTPUT: VERB / OBJ

#VERB: Trans = (Word = "�") OBJ: Cond = (Sem_Cat = "writing", Ass_Word = "˙ �") The difference between the two rules lies in the semantic category of the object.

We also deal with other grammatical constructs such as adjectives and verbs. However, for the sake of space limitation, we do not give more detail for them.

5. Preliminary experiments

The acquisition process has been integrated with the MT system JC-TRANS. It has a dictionary containing 65 000 general words. In addition, there are five specialized dictionaries. The system contains about 7800 rules. Figure 3 shows the window of the JC-TRANS.

Figure 3. The window of JC-TRANS

A set of parallel sentences is selected as examples for the acquisition process. The examples come from bilingual dictionaries (examples in the dictionary items) as well as a bilingual book for

Japanese learning. We gathered 3299 translation examples on 1600 focus words that be selected from a parallel corpora.. The sentences are annotated manually in interaction with the system. We used another set of 1582 sentences for the test. The longest sentence contains 59 words. We obtained 1503 correct translations. The success rate is 95%. This rate is high in comparison with the rules we edited manually a few years ago. We spent much time to edit 6800 rules, and the success rate using the rules for the same set of test sentences is only 79.6%. We can see that using the semi-automatic acquisition approach, rules may be acquired efficiently.

Most of the errors observed in the test are due to the incorrect analysis of modifier-modified relation for verbs. This problem needs to be further studied.

To illustrate the impact of the new rules on the translation, let us give the following example.

Before the new rules being integrated, JC-TRANS translates the following sentence

� ˙ �˙ �˙ ^ ˙ �˙ �˙ ˝˙ � ˙ �˙ � ˙ �˙ � �•˙ §˙ �˙ ^ ˙ �˙ �˙¨

into

�»` �“� � ”�£¤�»·»“�“�“� � ”� �

A possible translation of this sentence is "also if there are [things] of the same meaning, also there are

[things] of different meanings". This is not natural. We provided the following example about the word

"˙ �˙ ¨ " to the system:

Japanese:æ{˙ �˙ �˙ ˝˙ � ŒV�˙ �˙ �˙¨

Chinese: ”»� ¨ £¤�–fi �£

(There are books, as well as journals.)

The system succeeded to extract a rule on how to translate sentences involving "˙ �˙ ¨ ". Once the extracted rules are added, JC-TRANS was able to translate the earlier sentence as follows:

”»�“� � ”�£¤�»·»“�“�“� � ”�£

(There are [things] of the same meaning, as well as [things] of different meanings.)

This second translation is of higher quality than the first one. In some other cases, although with the new knowledge, the translation is not completely natural, it is greatly improved. �

6. Conclusion

Although the acquisition process is at its first stage, it provides encouraging results. We believe that the acquisition process represents an effective way for the system to accumulate translation knowledge during the utilization. One of the advantages we can see is its flexibility: the knowledge extracted depends on the examples the user presents to it. So it may be applied in different area and produce different styles of sentences. For example, it is possible to extract a set of rules for legal document translation which is different from the rules for everyday language translation.

The study is far from being completed. There are a number of problems to be dealt with:

- Although the system may perform some automatic processing on the input sentence, the amount of the manual work is still high. In particular, if the user does not have much linguistic knowledge, the approach is unfeasible. So one of our future works will be extending the approach to extract rules from less controlled examples. For instance, we may use parallel corpora as a set of examples. This approach

Zajac, R., Vanni, M. (1997) Glossary-based MT engines in a multilingual analyst’s workstation architecture, Machine Translation, 12/1-2, pp. 131-151.