Why Corpus-Based Statistics-Oriented Machine T ranslation †

Keh-Y ih Su and

‡

Jing-Shin Chang

Department of Electrical Engineering

National T sing-Hua University

Hsinchu, T AIW AN 30043, R.O.C.

email:

†

kysu@ee.nthu.edu.tw,

‡

shin@ee.nthu.edu.tw

ABSTRACTRule-base d appro aches have been the dominan t paradi gm in develo ping MT systems. Such

approaches , however, suffer from dif�culties in knowledge acqui sition to meet the wide variety and

time-changi ng characteristics of the real text. T o attack this problem , some statistical translatio n

models and suppor ting tools had been devel oped in the last few years. However, a simple statistical

model often results in a large parameter space and thus require s a large traini ng corpus. Therefore,

it is require d to introduce lang uage model s that take advantages of well-j usti�ed lin guistic knowledg e

to make stochastic MT systems practical . A stochastic model that emphasize s the adoption of

well-justi �ed lingui stic knowledg e in devel oping the model is called a corpus-base d statistics-

oriented approach . In this paper, corpus- based statistics-ori ented paradi gm is proposed, and its

characteristic s is compared with other methodol ogies. The recent progres s in some corpus-base d

statistics-orien ted model s for MT is also reviewed.

1 Introduction In the past, translation was recogni zed as a highl y intellec tual process. Hence, much effort

in MT develop ment is placed on the transformation of lin guistic knowledge into rules for use

in computers . The rules are usually acqui red by computer engineers or lingu ists. Although the

acquired rules can descri be some general behavior in natural language to some degree , they are

unable to cover the wide range of �ne-grain ed knowledge in real appli cations. The transformatio n

process is especia lly dif�cult for large scale systems. With the advance in computer technologi es

and the availabi lity of large corpora , statistical techniqu es are proposed in recent years to shift

the burden ofknowledge acquisi tion from human to computers by inducin g lin guistic knowledg e

from large corpora automatica lly.1

Since 1985, different desig ning methodolog ies have been explor ed in the ArchT ran MT project.1

The ArchT ran English-Chi nese MT system, like most systems, started with a rule-ba sed approach.

As the system scaled up, we found it harder and harder to apply rule-base d approach es to

acquire the �ne-gra ined knowledge require d for the widely- varying text styles from variou s clien ts.

The research direction was thus shifted toward corpus-b ased appro aches and some encour aging

results were observed. In this paper, we will address some practical probl ems with the current MT methodolo gies. In

particular , we will discus s (i) some critical topics in designi ng a practical large-s cale MTS (ii) the

necessity and feasibili ty of corpus- based statistics-orien ted MT, and (iii ) some working exampl es of

the corpus- based approach es, with emphases on their desig ning phil osophy.

2 Designing Goals of a Practical Machine T ranslation System

Before makin g comments on any MT methodol ogy, it is necessary to conside r the criteria of

being a “practic al” MT system. This can be evaluated in terms of quali ty concerns , engine ering

feasibili ty and cost-effectiveness for marketing. In a transla tion center, the domai ns of the text

are widely spread and various cli ents have their own preference and criteria on translatio n quali ty.

Under such circums tances, our experi ences show that the following factors are very critical to put

an MT system into practical use.

Quality for Unseen T ext The translation quali ty of a system for real appl ications, rather than its performanc e in a

laboratory envir onment, is the ultimate performan ce index of the system. T o maintai n good

translation quality for real applica tions, some critical factors must be noticed.

• Coverage: Wide-co verage is requi red for a practical system to cover lingui stically unin terested

yet practica lly encountered phenomena . A designi ng method that can gather the require d

�ne-gr ained knowledg e is desir able for this purpose.

• Robustness: A model that shows good performance in a laboratory environm ent might perform

badl y for unseen domai n due to the lack of robustness. Therefore, the underl ying models of 1

The ArchTran project started in 1985 as a joint effort between the Departmen t of Electrical Engineering ,

National T sing-Hua University, and the Behavior T ech Computer Corporation (BTC). Currently, most

research projects are continued in the Behavior Design Corporation. Translation Service Center based on

ArchTran had been setup in 1989 both for providing translation services and acquiring feedback to the

MT research team [Chen 91]. Most customers are local branches of internation al computer companie s. 2

a system must not be “over-tuned” to speci�c phenom ena so that it can still maintai n good

qual ity even in different applic ation domains.

Meeting Real User Requirements Accordin g to our experie nces, many documents, such as technical manual s, are to be publishe d

after translation, not just for information retrieval . Therefore, high quality translatio n, rather than

just understandab le, is require d to meet the customer’s demands . Since the quali ty shoul d be

justi�ed by the customers, not by the desig ners, the capabi lity to accept user feedback, such

as preferred terminolo gies and style, should be incor porated into a practical system [Su 92]. A

practical system thus need to be:

• Adaptabl e: can be easily adapted to different domai ns to capture the general preferen ce

in the domai n.

• Controlla ble: feedback from customers (or post-editor s) can be incor porated into the system

in a systematic way so as to meet the speci �c demands of the users. A feedback-control led

param eterized system [Su 92] could be helpful in this regard.

Capacity of Perform ance T uning

• The system performance must be predic table in terms of certain system parameters so that

the system can be impr oved continuous ly even after the system is scaled up. In other words,

changi ng the system param eters (for example , rules or transition probab ilities) should not

cause side effects in an unpre dictable way. Only when a system can be characteri zed in

this way can it be constantly improved by adjustin g the system parameters to maxi mize the

system performa nce as more data are availabl e.

Cost-Effectiveness The constructio n and maintenance of the requir ed knowledge base constitute the major cost

of a practical system. Therefore, it is impor tant to be able to acquir e the requir ed knowledge in a

reasonabl e time; one shoul d be able to construct the knowledge base systematicall y and maintai n

the knowledge base cost-effectively even in front of various domains and styles. Because human

involvem ent is costly, one need a system that can shift the burden of knowledge acquisi tion from

human to computers, and a system that can handle messy and uncertai n phenome na. V ariou s methodologi es provide various degree of exibil ity in meeting these require ments. The

characteristic s of three different methodol ogies are discussed in the following sections. 3

computation is thus very easy to carry out. One well-k nown example of such kind is the statistical

MT model proposed in [Brow 90]. The underlyi ng “bagged translation” source model , for instance,

essentiall y assumes no structural hierarch y, and the source langua ge is impl icitly assumed to

be order-free. Although it is easy to carry out computation in a purely statistical approach , the lack of lin guistic

model make some useful informati on unavail able to such a system. For example, due to the lack

of high level langu age model, the possible relation ship among various constituents tends to be

combinatory explo sive. Therefore, an extremely large corpus ([Brow 90]) is requir ed even for a very

small test case to cover the larg e parame ter space. Incorporation of well-ju sti�ed lingui stic model s

in a form that is suitabl e for computation into a statistical model is thus desira ble.

CBSO: Corpus-Based Statistics-Oriented Approaches A Corpus-Based Statistics-Oriented (CBSO) approach is characteri zed by an expli cit statistical

language model and a set of parameters associa ted with the model . It has all the advantages of

a purely statistical approa ch describe d previous ly. The majo r difference is the use of a high level

language model. In other words, it emphasize s the use of better inductive (statistical) tools without

discardi ng well-ju sti�ed lingu istic model s. In a CBSO approach, a language model is establishe d

�rst based on well-ju sti�ed lin guistic knowledge. The model parameters are then extracted from a

large corpus to construct a consistent knowledge base.

While a purely statistical approach takes advantages of the stochastic behavior of a languag e

near the surface level, a CBSO approa ch takes advantages of the stochastic behavior of a languag e

on top of an approp riate languag e model . By incorpo rating a high-l evel langua ge model, well-j usti�ed

lingui stic knowledge can be used directly to resolve interested problems in a large scale system.

And all �ne-grain ed knowledge can be acquire d statistically from the corpus. Therefore, such an

approach is good for integratin g lingui stic knowledge and statistic behavior .

An Example T o make the differences more clear, consid er the problem of lexical ambi guity resolutio n. In a

rule-bas ed system, this problem migh t be resolve d by ruli ng out all lexical category sequences that

violate some constraints such as: a “determine r” can not be followed by a “verb”. Such constraints

are acquired from genera l observa tion of ordi nary phrase patterns.

A purely statistical approach migh t colle ct all the possibl e word bigram s in a corpus, estimate

the transition probabi lities of the word pairs, and conclude that all words belongi ng to a special class 5

(the “determi ner”) can not be followed by words belongi ng to another class (the “verb”). Because

such an appro ach does not have the prior lingu istic sense of “category”, it has to collect all word

patterns to acquire the above conclusi on.

For a CBSO approach, �rstly, the known lexica l knowledge is used to reduce words into

equival ent classes such as “determ iners”, “nouns” , “verbs”, and so on. The co-occurren ce

restrictions on the parts of speech are then inves tigated by estimating the probabi lities of the part

of speech sequences , instead of word bigra ms. By using the lingu istic knowledge about category,

the parameter space and the requi red trainin g data can be reduced drastical ly.

4 Some Observations in MT Development

Given the characteri stics of the various methodol ogies and the requi rements for a practical

MT, what is a better strategy in developi ng an MT system? In the course of MT devel opment,

several facts about knowledge acquisitio n that signi� cantly affects the cost-effectiveness of an MT

system were observed.• The required knowledg e is huge, messy and �ne-gr ained; there is not a simp le set of rules

that is capable of covering the demands of vario us domai ns.

• Knowledge acquisi tion is a very expensiv e and time-co nsuming process.

• People are competent in abstract language modeli ng, but are awkward in deali ng with large

and �ne-grai ned knowledg e.

• It is not easy for people to maintain the consi stency of a large rule base. • T uning the rule base by hand does not guarantee global imp rovement of the system due

to robustness problem s.

• Computers are good at processin g large corpor a.

• Most knowledge requir ed in MT is inductiv e, not deductive. In fact, lingu istics is induced from

natural langua ges, but a natural langua ge is not produce d based on any lingu istic theory.

• Inductive knowledg e can be acquir ed easil y with statistical methods.

In fact, knowledge acqui sition is found to be one major bottleneck for a large scale MT [Su

90]. These observations and the issues in the following sections constitute the main reasons for

adopting a CBSO approac h in MT devel opment. 6

5 Necessity and Feasibility of Corpus-Based Approaches

Why Not Rule-Based Systems Although rule-ba sed approaches are widely used, there are several dif�culties that make a

rule-bas ed approac h unfavorabl e in meeting the designi ng goals for a large scale system.

• It is hard to handle uncertain ty due to the lack of an objective preference measure. Therefore,

it is awkward in dealing with highly ambig uous constructs. Since real text is not always strictly

well-form ed, such a system also has little capacity in deali ng with ill -formed input.

• It is hard to deal with complex and irreg ular knowledge. When exception s are encountered,

lexi con speci�c and ad hoc procedure s are commo nly used, which make the system dif�cult

to manage and maintain .

• It is hard to main tain consistency of the knowledge bases among different person s at different

time. For a practical MT system, which usually takes a long perio d of develop ment, the

incon sistency often introduces diverse effects in the system performa nce and increa ses the

dif�culty and cost in maintenan ce.

• It is not easy for a rule-ba sed system to attain high coverag e for real text. First, the

knowledg e is usuall y con�ned to lin guisticall y interested phenomen a; lin guisticall y unin terested

phenom ena are handled speci�ca lly as exceptions. Second, the designers tend to incorpo rate

a lot of speci�c knowledge and incre ase the complexi ty of the model to make the system

work for some testing cases. However, due to the lack of robustness, the coverage for real

text tends to be poor. Consequently, such approach es usually fail to attain the require d

coverag e for unseen text because the required �ne-grain ed knowledge are not inclu ded in

the over-tuned knowledge base.

• A rule usuall y takes care of only local constraints. The effects of adding a rule may cause

unpred ictable side effects over the global performan ce of the system, and global improve ment

is not guaranteed. This prevent a system designe r from predicti ng the system performan ce

in terms of well characteri zed system parameters; therefore, it is hard to tune such a system.

• Final ly, there is usually no systematic and automatic appro ach to acqui re the rules for

larg e-scale appli cations. The lack of acquisi tion tools may make a formalism unfavorab le in

real appli cations even though it is theoretical ly interesting.

Accordin gly, although rule- based systems could be tuned to show impressi ve performa nce in

small scale, they may not be satisfactory for a large scale system. 7

Why Not Purely Statistical ApproachesIn genera l, a statistical model (purely statistical or CBSO) will have poor performa nce in unseen

domain if a large training database is not avail able. The criteria of being larg e is measured with

respect to the compl exity of the underl ying models or the size of the parameter space. As a

rule of thumb, in order to get reason able estimate of the statistical parame ters, the numbe r of

training instances must be several times large r than the number of possibl e outcomes in the

parameter space. Since a purel y statistical approach does not use any high level ling uistic knowledge in

constructing a stochastic model, the parameter space is usually too larg e to be practical . For

instance, to gather the word bigra m statistics for the most frequently used 10,000 words, the numbe r

of possibl e bigr am patterns is 10

8

. The number of trainin g word pairs must be several times large r

than this amount. This is one reason why a purely statistical MT, like the one propose d in [Brow 90],

requires a large training corpus even for a small vocabul ary. Unless the corpus is large enough, the

sparse data proble m is inevi table; reliab le statistics will not be availab le under such circumstances.

Furthermore , to reduce the size of the parameter space, the stochastic model of a purel y

statistical approach is usuall y simpl i�ed. For instance, because a trigram model requi res a trainin g

database that is about 10,000 times larger than a bigr am model in the last exampl e, the latter is

usually adopted at the expense of less contextual informa tion. Hence, a purely statistical model

usually cannot deal with long distance depend ency. The purely statistical models also suffer from

robustness problems due to sparse data when a complex model is used.

Why Corpus-Based Statistics-Oriented MT With the use of high-l evel stochastic langu age models, the sparse data problem in a statistical

approach can be relie ved signi� cantly. Furthermor e, it is possible to make long distance dependen cy

manageabl e. Consider the example in the previou s section, if the 10,000 words can be reduced to 100

equival ent classes, say by using parts of speech bigrams instead of word bigrams, the require d

training instance s will be reduced by a factor of about 10,000. A traini ng corpus of this scale

will be much easier to manage. In gener al, high -level syntactic or semantic knowledg e provid es

the required inform ation to organize lingui stic knowledge in terms of equival ent classe s that have

simil ar behavi or. 8

As another exampl e, if the co-occurren ce preference between constituents is consid ered in

syntactic or semantic level [Su 88, 91, Chan 92a], then the contextual dependenc y will no longe r be

con�ned to a local scope; long distance dependency can thus be explore d easil y.

These reasons suggest why CBSO approache s are desirabl e for a practical MT. As describe d

earlie r, human are competent in constructing high-l evel models and computers are good at

processin g large corpor a. The designin g philo sophy underlyi ng a CBSO approach is, in fact, to

combine these capabil ities to satisfy the design ing goals in an cooperative way [Su 90].

Because large machine readabl e corpora are becomin g avail able, better statistical languag e

models are being constructed, and cheap computing power can be acquired easily, the adoption

of corpus-base d statistics-orie nted techniques in MT develo pment will be an inevi table new trend

in the next MT generation .

6 The CBSO Approaches in the ArchT ran MTS

The general tasks involve d in a CBSO approach incl ude: (i) lang uage modeli ng (ii) corpus

preparatio n (iii) param eter estimation, and (iv) adaptive learni ng (to adjust the estimated param eters

in a way that increa ses the discri mination power and robustness of the model). Although the related

techniques are not fully explo red in the litera ture, vario us techniqu es have been tried in many

aspects with promisi ng or interesting results (e.g., see [Chur 88, Brow 90]).

Since 1987, the ArchT ran MT project has explore d a number of model s on corpus-base d

statistics-orien ted approa ches for machi ne translation. These frameworks show encouragi ng results

for adopting the CBSO approa ches in a practical MT. The following sections review some of them

to show the general design ing phil osophy. (Refer to the respect papers for details.)

Probabilistic T ranslation Model The ArchT ran approach to the translatio n problem is to �nd the most probabl e target sentence

for a source sentence, given the knowledge of the source language and target language , and

the transfer knowledg e between them. The possibi lity is measured with the following translatio n

score [Chen 91]: 9

and n

C

, respective ly; ELM and CLM are the source and target languag e models; I

E and I

C are

the source and target intermedi ate representatio ns; and TM is the transfer model from source

language to target language . The introduction of the intermed iate forms (I

E and I

C

) make it possibl e to resolve the translatio n

problem through three phases, namel y, analysi s, transfer and generation , with the help of the

correspond ing analysi s scoreP

A

(

�

), transfer score PT

(�) and generation score PG

(�) in the above

formula. The above formulati on can thus provid e useful scoring information for a transfer-base d MT.

The introduction of the interme diate forms is actually a general technique that converts a purel y

statistical approa ch to a CBSO approach. By introdu cing the intermedi ate representation s, different

surface forms (E

W n

E

1 orC W nC

1

) that are syntactic or semantic variants of one another can be

normali zed to the same intermedia te form (I

E or I

C

). Since transfer is conducted with respect to

the intermedi ate forms, the number of possibl e mapping between source and target will be greatly

reduced in compariso n with direct mappi ng from source to target. In other words, the number of

parameters will be reduced from the number of possibl e (E W n

E

1

,C W n

C

1

) pair s to the number of

possible (E W n

E

1

, I

E

) pairs, plus (I

E

, I

C

) pairs, plus (I

C

, C W n

C

1

) pairs .Score Function: Lexical Score, Syntactic Score and Semantic Score

The analys is score in the above translati on model is imple mented as a score function [Su 88,

89, 91, Chen 91, Chan 92a, Chia 92, Lin 92]. It is implem ented by decomposi ng a semantic ally

annotated syntax tree into a set of primitiv es that describes the lexical , syntactic and semantic

features of a particul ar interpretation . As a result, we have the following score function, which can10

be decom posed into lexical score [Chen 91, Lin 92, Chia 92], syntactic score [Su 88, 89, 91, Chen

91, Chia 92] and semantic score [Chen 91, Chan 92a] as follows.S

c o r e (S em

; Sy n;

Le x; W ord s)

� P (S em; S y n; Lexj W or ds) (scor ef unc t ion)

= P (S em j S y n; Lex; W or ds) (semantic scor e)� P (S y n j Lex; W or ds)

(sy ntactic scor e)

� P (Lex j W or ds) (l exical scor e)

� Ss

e m

� S

sy n

� Sl ex

The lexical feature Lex stands for the parts of speech of the input words (Words). The syntactic

feature Syn is a set of sentential forms correspond ing to the syntax tree. The semantic feature Sem

is a set of N-dimen sional feature vectors for the tree nodes, which consist of N semanti c tags.

The lexi cal score [Chen 91, Lin 92] is impl emented as an enhanced version of the lexical

tagging model of [Chur 88]. This is done by introduci ng database smoothi ng, adaptive lear ning and

discrim ination enhance ment techniqu es [Chia 92] to the enhance d baseli ne model .

The syntactic score model [Su 88, 89, 91, Chen 91, Chia 92] is formulated to maximi ze the

transition probabi lities between sentential forms; contextual informa tion is consid ered in evaluatin g

the transitions. As a resul t, it incl udes stochastic context-free gramma r as a special case, and

involves mechan isms for taking context-sensi tivity into conside ration.

In the semantic score [Chen 91, Chan 92a] model, each possibl e interpr etation of a sentence is

characterize d by an annotated syntax tree. The set of semantic tags that make a syntax tree best

annotated is recogni zed as the best semantic tags and the corresp onding annotated syntax tree

represent the best interpretation for the input sentence. An effective semanti c tagging mechanis m

is used to attach the semantic tags to each node of the syntax tree.

Probabilistic T ransfer and Generation Models

The transfer score and genera tion score are imple mented under the framework of a probabi listic

transfer and generation model [Chan 92b]. An automatic algorithm is devel oped to �nd the atomic

transfer units, calle d local ly transferable units, between the source and target languag es from

bilin gual corpora. The intermedi ate represe ntations of the translatio n pair are normali zed to a form

consisting of these units. With these units, the transfer process can be accompl ished with only

local operation s on these units. A mechani sm is propos ed to train the transfer/generation model

bidire ctionally from both the source and target sides. In an ordinary transfer approach, the transfer 11

rules are derived mostly based on the source langu age. The generated target sentences are

therefore unnatural to a native speaker. With such a bidir ectional training procedu re, the lingui stic

behavior of the target langua ge can be incor porated into the transfer/generati on model . Thus, the

generated target sentences will be more close to the real style of the target language.

Feedback-Controlled Model for MT T uning T o incor porate the preferred style of a customer, a closed loop control can be appli ed to

a parame terized MT system in order to adjust the parame ters of the system accordi ng to the

customer’s requi rements. A mechani sm is proposed in [Su 92] to accept such feedback. The

post-edited text, which represents the real translation a customer really want, is compar ed with the

output of the MT system for the corresp onding source sentences. The discrep ancy between the

post-edited text and the current output of the orig inal source sentences, as measure d with a distance

measure [Su 92], is used to adju st the system parameters. The system parameters are adjusted

iteratively until some stopping criteria are met. With such a feedback-co ntrolled mechan ism, the

parameters could be adjusted to �t particul ar text style or preference .

Preliminary Evaluation The general resul ts of the CBSO model s in our experi ments are encourag ing. T o give a

better sense about their current status, the performa nce of the lexi cal score model on the publicl y

availab le Brown Corpus is outline d so that it can be directly compar ed with other frameworks. With

the lexical score model , we have been able to reduce the error rate for ambig uous words in the

Brown Corpus2

from 8.56% with [Chur 88] model down to 4.95%; the signi �cant improv ement is

achieved by using an adaptive learni ng algor ithm and a discr iminatio n enhance ment techniqu e in

the lexical score model [Lin 92].

In general , we found it pro�table to introduc e high-l evel stochastic lang uage model s to relie ve

the burden impo sed on computer engine ers and ling uists in acquir ing the �nd-grai ned “rules”. The

introduction of high-le vel langua ge models also reduces the size of the training corpora substantial ly.

Some of the CBSO approaches had been incor porated into the ArchT ran MT system. With the

encouragi ng results of these frameworks, it is beli eved that CBSO approa ches to MT are not only

important for large scale systems but also technicall y feasible . 2

Only abou t 40% of the text in the Brown Corpus have more than one tags. T o be precise, only these

ambiguou s words are used to evaluate the error rate. 12

7 Concluding Remarks In this paper, some criteria for evaluatin g a practical MT are outlined. Rule-based, purel y

statistical and corpus-base d statistics-ori ented approache s are compared in terms of their capabil ities

to meet these designi ng goals. We found that a rule-b ased system is not good at acquiri ng,

maintaini ng and tuning the larg e, compl ex and irregul ar knowledge base, which is requi red to meet

the designi ng goals of a large scale system. Hence, it is not easy to scale up while retaining good

quality and wide coverage in real applica tions.

Statistical approaches have better capabil ity in acquiri ng large and consistent knowledg e

base to �t the demands of real appli cations. However, purely statistical appro aches, which use

straightforward statistical model s, may have too large a parameter space such that they requir es

extremely large corpora. Furthermore , long distance dependency might be sacri� ced to make

the parameter space manageabl e. These proble ms suggest that corpus-ba sed statistics-orie nted

approaches , which emphasi ze the use of well-j usti�ed langu age model s in characteri zing the

stochastic behavi or of language s, shoul d be used to reduce the param eter space and make long

distance depend ency manageabl e. Human are competent in establi shing high level lingui stic model s, but awkward in dealin g

with a large amoun t of �ne-gr ained knowledge consistently and cost-effectively. On the other

hand, computers are good at induci ng knowledg e from massive corpora with statistical techniqu es

systematicall y and cost-effectively. Hence, constructing high level lang uage models based on

well-justi �ed lingui stic knowledge and estimating the parameters on top of the language model s

is a promi sing approach to integrate lingu istic and statistic knowledge. It is expected that such

corpus-base d statistics-orie nted approache s will play an important role in practical MT systems

of the next genera tion.

References

[Brow 90] Brown, P. F., et al. 1990. “A Statistical Approach to Machine T ranslatio n,” Computational

Lingui stics, vol 16, no. 2, pp. 79–85. 1990.

[Chan 92a] Chang, J.-S., Y.-F. Luo and K.-Y. Su, 1992. “GPSM: A Generali zed Probabi listic

Semantic Model for Ambigu ity Resolution,” to appear in Proceedi ngs of ACL-92, 30th Annual

Meeting of the Associatio n for Computational Lingui stics, University of Delaware, DE, USA, 28

June – 2 July, 1992.

[Chan 92b] Chang, J.-S. and K.-Y. Su, 1992. “A Corpus-Based Statistics-Orie nted T ransfer and

Generation Model for Machine T ranslati on,” to submit. 13