J

o

n

g

-

N

a

e

W angB e

h

a

v

i

o

r

De

si

g

n

Cor

p oration

No

.

2

8

, 2F,

R

&D Road

I IS cience

-Based Industrial

Park

Hsinc hu,T aiw an3

00

77, R.O.C.

w j

n

@

b

d

c

.c

o

m.

tw Jing-

S

hin

Chang and

Keh-

Yih Su

Dept. of

Electrical Engineering

National Tsing-HuaUniv ersity

Hsinc hu, T aiw an 30043, R.O.C.s h

in@h

e

r

a.ee.nthu.edu.twk ysu@bdc.com.twA b

s

t

ra

ct

A n

a

u

t

o

mat

i

c tr

ee

ban

k conversion metho

d ispro

-

p osed in this pap er to convert a treebank into an-

other treebank. A new treebank ass o ciated with

a di�erentgrammar can b e generated automati-

call y

from the old one such that the information

in the original treebank can b e transformed to the

new one and b e shared among di�erent rese arch

communities.

The simple algorithm achieves con-

version accurac y of9

6.

4

% when tested on8

,86

7

sentences b etween two major grammar revisi ons

of a largeMT system.Moti v ation

Corpus-based rese arch is now a ma jor branch

for language pro ces sing.One ma jor resource for

corpus-based rese arch is the treebanks av ailable in

many rese arch organizations

[Marcus

e

t

a

l

.

199

3

],

which carry skele tal syntactic structures or‘brack-

ets’ that have b een manually veri�ed.

Unfortu-

nately

, such resources may b e based on di�erent

tag sets and grammar system s of the resp ective

resear ch organizations . As a result, reusability of

such resources across research lab oratories is p o or,

and cross -checking among di�erent grammar sys-

tems and algorithms based on the same corp ora

can not b e conducted e�ectively

.In fact, even for

the same research organization, a ma jor revision

of the original grammar system may result in a

re-construction of the system corp ora due to the

v ariations b etween the revis ions. As a side e�ect,

the evolution of a system is often blo cked or dis-

couraged by the unav ailabili ty of the corres p ond-

ing corp ora that were previously constructed. Un-

der such circ umstances, much energy and cost

may have to b e devoted to the re-tagging or re-

construction of those previously av ailable corp ora.

It is therefore highly desirabl e to automatically

convert an existing treebank, either from a previ-

ous revis ion of the current system or from another

resear ch organization, into another that is com-

patible with the current grammar system.Several problems may prevent a treebank con-

version algorithm from e�ective conversi on of the

treebanks.

Firstly

, the tag sets, including ter-

minal symb ols(parts of sp eech) and nonterminal

symb ols (syntactic categorie s) may not b e identi-

cal in the two systems; the numb er of such sym-

b ols may b e drasticall y di�erent and the map-

ping may not b e one-to-one. F urthermore, the

hierarchical structures, i.e. , the underlying phrase

structure grammars , of two grammar systems may

not b e easil y and uniquely mapp ed. In fact, the

numb er of mapping units and mapping rules b e-

tween two system s may b ecome untolerably large

if no systematic approach is av ailable to extract

the atomic mapping units and the mapping op-

erations [Chang and Su 1993]. In addition, some

constructs in one system may not b e represe ntable

in terms of the grammar of another system; com-

patibility of two grammar systems thus further

complica tes the conversi on problems.

In many cases , a publicly av ailable corpus may

contain only the simple st annotations, like brack-

ets (skeletal structure representations) for some

ma jor syntactic categori es [Marcus et al.1993]. In

particular, a resea rch organization may not want

to contribute its corp ora in full detail for free

to the public since it may reveal the underlying

knowledge, such as the grammar rules, used in the

proprietary system. Therefore, the primitive an-

notations, like brackets, are very likely to b e the

sole information av ailable to the public in the near

future. And corpus exchange is very likely to b e

limited to such primitive annotations. Such re-

sources may not b e directly usable by a system

which needs much more information than anno-

tated. In such cases , it is, however, desirable to

b e able to use the large amount of simply tagged

corpus to help construct orb o otst

r ap a large corpus

which contains more detailed annotation.W e thus try to address such problems by us-

ing a simple and automatic approach for treebank

conversi on. Since the bracket information from a

large treebank is the ma jor external information

required, the prop osed algorithm is exp ected to b e

very useful and cost-e�ec tive for b o otstrapping the

corpus, in terms of corpus size and annotated in-

formation, of a system by using publicly av ailable

treebanks or home-made treebanks, which are les s

costly than fully annotated corp ora.

In the following sections , the treebank conver-

sion task is mo deled as a transfer problem, com-

monly encountered in an MT system , b etween two

represe ntations of the same language. A matching

metric for sele cting the b est conversi on among all

candidates is then prop osed, followed by the tree-

bank conversio n algorithm. Finall y

, exp eriment

results are rep orted, which show a very promising

conversi on accuracy with the prop osed approach.

In the current task, we will ass ume that the

new treebank will b e compatible with an underly-

ing target grammar of any appropriate form and

a target tag set (including terminal and nontermi-

nal symb ols) asso ciated with that grammar; since ,

otherwise, we could simply use the the original

treebank directly without doing any conversi on.

This assumption is reasonable since most natural

language research lab oratories who deal with syn-

tactic level pro cessi ng and those who need a tree-

bank is supp osed to have an underlying phrase

structure grammars or rules for identifying appro-

priate constituents in the input text.T ask

De

�nitionfor T reebank

Con v ersion F ormally

, the task for a treebank conversion al-

gorithm is to map a source tree (generated from

a source grammar or bracketed by hand) into its

corres p onding target tree that would b e gener-

ated from a second grammar (hereinafter, the tar-

get grammar) without changing, v aguely sp eaking,

its structures or semantics. The conversion must

therefore satis�es several criteria so that the target

tree could b e reused in the target system. First of

all, the target tree must b e compatible with the

second grammar. This means that the target tree

must also b e generatable from the second gram-

mar. Secondary

, the source tree and target tree

must b e ’simi lar’ in a sense that their corres p ond-

ing terminal symb ols (parts of sp eech), nontermi-

nal symb ols (syntactic categorie s) and structures

(pro duction rules) preserve essentially simil ar cat-

egorial or structural information.

A simple mo del for such a conversion problem

is shown in Figure 1, whereS is a sentence in the

treebank, G

1 and G2 are the grammars for the

original treebank and the target system, resp ec-

tively ,T s

0 is the manually proved tree for S in the

treebank, Tt i are all the p ossible ambiguous syn-

tax trees for S as generated by the target grammar S

-

- - Parser I

-

T s

0

-

Parser I I

-

(ambiguity)

T t

i i=1

;

N

Mapping

Algorithm

-

T t

0 G

1

6

human

disambiguation

6

(T reebank)

Sc o

r

e(T t

ijT s

0

)

6 G

2

? Figure 1:

A

S

i

m

p

l

sentences that are in two di�erent languages while

the treebank conversion problem deals with only

one language. The mechanism used to �nd the

transfer units and transfer rules together with the

transfer score used in the ab ove frameworks can

thus b e used for treebank conversi on with little

mo di�cation. M

a t c h i n g Met ric f or

T reeban k

Con

v ersion

The matching metric or matching score for tree-

bank conversi on is much simpler than the trans-

fer score for the transfer task b etween two syntax

trees for two languages. The intuition is to assume

that: it is very likely that the tree representation

for a sentence in a particular language will have

esse ntially the same bracket representation, which

may p ossibly b e asso ciated with di�erent (termi-

nal or nonterminal) symb ols, when express ed in

another grammar.W e thus use the numb er of

matching constituents in the source and target

trees as the matching score for converting from

one source tree to a target tree. 1m

2 m

3 m4 m5 m6 m7 m8 m

9 m 10 m#

#c

c #

# c

c

c

c�

�

�

�a

a

a (1,2)(1,2) (4,5)(3,4,5)

(1,2,3,4 ,5) 1 m

2 m

3 m

4 m

5 m f m g m

h m i m�

�

�

�B

B

B

B

#

# c

cJ

J

J

J #

# �

�

�

� a

a

a

(1,2)

(3,4) (3,4,5)

(1,2,3,4,5)

Figure 2:An

E xa m ple fort he T ree Matching

Metric T ake Figure 2 as an example.No de‘9

’ in the

source (left) tree contains No des ‘3’, ‘4’, ‘5’ as its

children

; No de ‘h’ in the target (right) tree also has

No des ‘3’, ‘4’, ‘5’ as its children. W e therefore add

a constant score of 1 to the matching score for this

tree pair. The same is true for No de ‘10’ and No de

‘i’. Since No de ‘7’ in the source tree and No de ‘f ’ in

the target tree do not have any corres p onding no de

as their counterparts, they contribute nothing to

the matching preference . When there aresi n gle p

r o d u ctions, like the construct for No de ‘8’ and

its sole child No de ‘6’, such constituents will b e

regarded as the same entity

. Therefore, the match

b etween No de ‘8’ (or No de ‘6’) and No de ‘g’ will b e

assigne d only one constant score of 1. This step

corres p onds to reducing such ‘single pro duction’

rules into only one bracket. (F or instance,X

!

Y !a

b c will have the bracket representation

of [a b c], instead of [[a b c]]. ) As a result, the matching score for the example tree pair is 3.

T o facilitate such matching op erations and

matching score ev aluation, the word indices of the

sentence for the source/target tree pair is p erco-

lated upward (and recursi vely) to the tree no des

by asso ciating each nonterminal no de with the

list of word indices, call ed an index list, acquired

by concatenating the word indices of its children.

(The index lists are shown near the no des in Fig-

ure 2.) Two nonterminal no des which have the

same index list form an aligned no de pair; the

subtrees ro oted at such aligned nonterminal no des

and terminated with aligned no des then consti-

tute the mapping units b etween the two trees.

The numb er of such matches thus represents a

simple matching score for the tree pair. The in-

dex lists can b e easily established by a depth-�rst

traversal of the tree. F urthermore, the existence of

one constituent which consis ts of terminal no des

(l

; l+ 1;:::;

m) can b e saved in a chart (a lower

triangular matrix), where chart(l ; m) records the

numb er of no des whose terminal children are num-

b ered from l to m.By using a chart for a tree, all

no des in a chain of single pro ductions will cor-

resp ond to the same count for a particular chart

entry

. A match in a source/target no de pair will

corres p ond to a pair of nonzero cells in the charts;

the matching score then reduces to the numb er

of such pairs. W e therefore have the following

treebank conversion algorithm based on the simple

matching metric describ ed here.

TheBase line T reebank Con v ersion

Algorith m With the highly simpli�e d mapping mo del, we can

convert a tree in a treebank into another which

is compatible with the target grammar with the

following steps:� 1. Parse the sentence of the source tree with a

parser of the target system based on the target

grammar.

� 2. F or each ambiguous target tree pro duced

in step 1 and the source tree in the original

treebank, asso ciate each terminal word with its

word index and asso ciate each nonterminal no de

with the concatenation of the word indices of its

children no des. This can b e done with a depth-

�rst traversal of the tree no des.

� 3. F or the trees of step 2, asso ciate each tree

with aChart (a lower triangular matrix), which

is initiall y set to zero in each matrix cell. Make

a traversal of all the tree no des, say in the

depth-�rst order, and increm ent the numb er in

Chart(l ; m) by one each time a no de with the

indices (l ,..., m) is encountered.

� 4. F or each chart of the candidate target trees,

compare it with the chart of the source tree and

asso ciate a mapping score to the target tree by

scanning the two charts. F or each index range

(l ; m), increment the score for the target tree by

one if b oth the Chart(l ; m) entries for the source

tree and the target tree are non-zero.

� 5. Select the target tree with the highest score

as the converted target tree for the source tree.

When there are ties, the �rst one encountered

is sele cted. In spite of its simplic ity

, the prop osed algo-

rithm achieves a very promisi ng conversion accu-

racy as will b e shown in the next sec tion. Note

that the parser and the grammar system of the tar-

get system is not restricted in any way; therefore,

the annotated information to the target treebank

can b e anything inherent from the target system;

the bracket information of the original treebank

thus provides useful information for b o otstrapping

the corpus size and information contents of the

target treebank.

Note also that we do not use any informa-

tion other than the index lists (or equiv alently the

bracket information) in ev aluating the matching

metric. The algorithm is therefore surprisingly

simple. F urther generaliz ation of the prop osed

conversi on mo del, which uses more information

such as the mapping prefere nce for a source/target

tag pair or mapping unit pair, can b e formulated

by following the general corpus-based statistics -

oriented transfer mo del for machine translation

in [Chang and Su 1993]. In [Chang and Su 1993],

the transfer preference b etween two trees is mea-

sured in terms of a transfer score :P (T t

i jT s

0

)=

Q

n j=

1

P (t t

i;j jt s

0;j

) where T s

0 and T t

i are the source

tree and thei th

p ossi ble target tree, which can b e

decomp osed into pairs of transfer (i.e., mapping)

units (t s

0;j

, t t

i;j

) (lo cal subtrees). The transfer pairs

can b e found by aligning the terminal and nonter-

minal no des with the assi stance of the index lists

as describ ed previously [Chang and Su 1993].

In fact, the current algorithm can b e regarded

as a highly simpli �ed mo del of the ab ove cited

framework, in which the terminal words for the

source tree and the target tree are identical and

are implic itly aligned exactly 1-to-1; the mapping

units are mo deled by the pairs of aligned no des;

and the probabilis tic mapping information is re-

placed with binary constant score s. Such assign-

ment of constant scores eli minate the requirement

for estimati ng the probabilities and the require-

ment of treebank corp ora for training the mapping

scores .

The following examples show a correctly

matched instance and an erroneouly matched one.I

N P U T : D e p e n d in g on t he t yp e o f cont ro l

u sed , it m ay or may not resp ond quic kly

enough to protect aga inst spikes and faults

. ( C o rr e c t a n s wer an d se lected o ut put are # 3 . )

1. [[[ Dep end in g -on [[t he t yp e ] [o f [control used]]] ]

,] it [ may-or-may-not resp ond [ quic kly [enough to

[protect [against [spikes and faults]]] ]]]] .

2. [[[ Dep ending-on [[the typ e] [of [control used]]] ]

,] it [may-or-may-not resp ond [quickly [enough to

[protect [against [spikes and faults]]] ]]]] .

3. [[[ Dep ending-on [[the typ e] [of [control used]]] ]

,] it [may-or-may-not resp ond [[quickly enough] [to

[protect [against [spikes and faults]]] ]]]] .

4. [[[ Dep ending-on [[the typ e] [of [control used]]] ]

,] it [may-or-may-not resp ond [[quickly enough] [to

[protect [against [spikes and faults]]] ]]]] .

INPUT: The P C ’s p o wer supply is capa ble

of absorbing most noise , spikes , and faults

. ( The correc t answer is #3 while the sele cted

output is #2).

1. [[[The PC ’s] p ower-supply] [is [capa ble [of [ab-

sorbing [[[[mos t noise] ,] spikes ,] and faults]]]] ]] .

2. [[The PC’s] p ower-supply] [is [capable [of [ab-

sorbing [[[most noise] , spikes ,] and faults]]] ]]] .

3. [[[The PC’s] p ower-supply] [is [capable [of [ab-

sorbing [most [[[ noise ,] spikes ,] and faults]] ]]]]] .

4. [[[The PC’s] p ower-supply] [is [capable [of [[ab-

sorbing most] [[[ noise ,] spikes ,] and faults]] ]]]] .

5. [[[The PC’s] p ower-supply] [is [capable [of

[[[[[ absorbing most] noise] ,] spikes ,] and faults]]]] ]

.

6. [[[The PC’s] p ower-supply] [is [capable [of [[[[ab-

sorbing most] noise] , spikes ,] and faults]] ]]] .

E x p e r i me n t Re s u lts

The p erformance of the prop osed approach is

e v aluated on a treebank consisti ng of 8,86 7 En-

glish sentences (ab out 14 0,634 words in total)

from the statistical database of the BehaviorT ran

(formerly the ArchT ran [ Su and Chang 1 990,

Chen e t a l .1991]) MT system. The English sen-

tences are acquired from technical manuals for

computers and ele ctronic instruments. Two ver-

sions of the grammar used in this MT system

are used in the e xp eriment. The basic parame-

ters for these two grammars are shown in T able

1, where G

1 and G

2 are the source and target

grammars, # P is the numb er of pro duction rules

(i.e., context-free phrase structure rules), # � is

the numb er of terminal symb ols, # N is the num-

b er of nonterminal symb ols and # A is the numb er

of semantic constraints or actions asso ciated with

the phrase structure rules.

G

1

G

2

#P (pro duction) 1,088 1,101

#� (terminal) 37 30

#N (nonterminal) 107 141

#A (constraints) 144 138

T able 1 : Basic Parameters of the Tw o Gram -

mars under T esting

The target grammar shown here is an improved

version of the source grammar. It has a wider

coverage, a little more ambiguous structures, and

shorter pro cessi ng time than the old one. The ma-

jor changes are the repres entations of some con-

structs in addition to the changes in the parts of

sp eech and nonterminal syntactic categori es. F or

instance, the hierarchy is revis ed in the new revi-

sion to b etter handle the ’gaps’ in relati ve clauses ,

and the tag set is mo di �ed to b etter characteri ze

the clas si�cation of the v arious words. Such mo di-

�cations are likely to o ccur b etween any two gram-

mar systems , which adopt di �erent tag sets, syn-

tactic structures and semantic constraints. There-

fore, it, in some sens e, characterize s the typical op-

erations which may b e applied across two di�erent

systems .

Each sentence pro duces ab out 16.9 ambiguous

trees on the average under the new grammar G

2

.

The source trees contain brackets corres p onding

to the fully parsed structures of the input sen-

tences ; however, multiple brackets which corre-

sp ond to \single pro ductions " are eli minated to

only one bracket. F or instance, a structure like

X ! Y ! Z ! a b will reduces to the equiv-

alent bracket structure of [ a b]. This reduction

pro cess is implied in the prop osed algorithm since

we increment the matching score by one whenever

the two charts have the same word index range

which contains non-zero counts; we do not care

how large the counts are. This also implies that

the target tree brackets are also reduced by the

same pro cess. The reduced brackets, on which the

matching is based, in the source and target trees

are thus less detaile d than their fully parsed trees

structures.

After feeding the 8,867 sentences into the

parser and sel ecting the close st match among the

target trees against the source trees in the tree-

bank, it is found that a total of 115 sentences do

not pro duce any legal syntactic structures under

the new grammar, 158 sentences pro duce no cor-

rect structure in terms of the new grammar (in-

cluding 12 sentences which pro duce unique yet er-

roneous parses), and 1,546 sentences pro duce, un-

ambiguously

, one correct analysis . The former two

cases , which is mostly attributed to the coverage of the target grammar, indicate the degree of incom-

patibility b etween the two grammars. The latter

case will not indicate any di�erence b etween any

tree conversion algorithms. Therefore, they are

not considere d in ev aluating the p erformance of

the conversi on pro cedure.

F or the remaining 7,048 sentences, 6,799

source trees are correctly mapp ed to their coun-

terpart in the new grammar; only 249 trees are

incorrec tly mapp ed; therefore, excluding unam-

biguously parsed sentences, a conversion accuracy

of 96.46 % (6,799 /7,048) is obtained. The results

app ear to b e very promising with this simple algo-

rithm. It also shows that the bracket information

and the mapping metric do provide very useful in-

formation for treebank conversi on.

E rr or T y p e Percentage (%)

T ag Error 19.6

Conjunction Error 51.4

Attachment Error 23.6

Drastic Structural Error 5.4

T able 2: Error T yp e Analy sis

A sampling of 146 trees from the 249 incor-

rectly mapp ed trees reveals the error typ es of mis-

match as tabulated in T able 2. The error in-

tro duced by inappropriate tags is ab out 19.6%.

Structural error, on the other hand, is ab out

80.4%, which can b e further divided into errors

due to: incorrect mapping of conjunct elem ents

and/or app ositions (51.4%), incorrec t attachment

patterns b etween heads and mo di�ers (23.6%) and

drastic structure v ariation (5.4%). Note that tag-

ging error is far less than structural error; further-

more, two trees with drastical ly di�erent struc-

tures are rarely matched. A clos er lo ok shows that

2.72% (185/6799) of the correc tly mapp ed trees

and 31.73% (79/249) of the incorrectly mapp ed

trees have the same scores as the other comp eting

trees; they are selec ted b ecause they are the �rst

candidate. The current solution to tie, therefore,

tends to intro duce incorrectly mapp ed trees. A

b etter way may b e required to avoid the chance

of tie. F or instance, we may increment di�erent

scores for di�erent typ es of matches or di�erent

syntactic categorie s.

The ab ove exp erime nt results con�rm our pre-

vious assumption that even the simple st skeletal

structure information, like brackets, provides sig-

ni�cant information for selec ting the most likely

structure in another grammar system. This fact

partially explains why the simple conversi on algo-

rithm achieves a satisfactory conversion accuracy .

Note that a mapping metric against the source

tree may intro duce systematic bias that prefers the

source structures rather than the target grammar.

This phenomenon could prevent the improvement

of the new grammar from b eing re ected in the

converted corpus if the new grammar is a revi-

sion of the old one. Attachment and conjunction

scop es, which may v ary from system to system, are

more likely to su�er from such a bias as shown in

the ab ove exp eriment results. A wise way to incor-

p orate prefere nce form the target grammar may b e

necess ary if such bias intro duces a signi�cant frac-

tion of errors. Such prefere nce information may

include mapping preferenc e acquired from other

extra information or by using other more compli-

cated mo dels.

F rom the low error rate of the overall p erfor-

mance, however, it see ms that we need not b e to o

p essimi stic with such a bias since most ma jor con-

stituents, like noun phrases and verb phrases, rec-

ognized by di�erent p ersons are in agreeme nt to

a large extent. It is probably also true even for

p ersons across di�erent lab oratories,

Since the conversion rate is probably high

enough, it is p ossible simply to regard errors in

the converted treebank as noise in probabilis tic

frameworks, which use the converted treebank for

parameter training. In these case s, further man-

ual insp ection is not ess ential and the conversion is

basicall y automatic. This situation is particularly

true if the original source treebank had b een man-

ually veri�ed, since we can at least make sure that

the target trees are legal, even though not pre-

ferred. If serious work is necessa ry to avoid error

accumulation in the treebank, say in the grammar

revisi on pro cess , it is suggeste d only to check a

few high-score candidates to save checking time.

If, in addition, the ma jor di�erences of the two

grammars are known, the checking time could b e

further reduced by only applying detaile d checking

to the trees that have relev ant structure changes.

Of course , there are many factors which may

a�ect the p erformance of the prop osed approach

among di�erent grammar system s. In particu-

lar, we did not use the information b etween the

mapping of the parts of sp eech (terminal sym-

b ols) and the syntactic categorie s (nonterminal

symb ols), which may b e useful in the cases where

the mapping is applied to two trees with the same

bracket representation. In our future resear ch, we

will try to convert large treebanks, such as the

Penn T reebank, av ailable in the community into

our grammar system, and make use of more infor-

mation on the parts of sp eech and syntactic cat-

egories so that a robust conversion algorithm can

b e develop ed.

C on clu din g Rem ar ks

It is imp ortant to b e able to share treebanks

among di�erent rese arch organizations. The sig-

ni�cance for developing a treebank conversion

technique includes at leas t: (1) corpus sharing

among di�erent grammar systems and rese arch or-

ganizations; (2) automatic system corpus up dat-

ing b etween two ma jor revisi ons; (3) corpus b o ot-

strapping with a large and cheaply tagged tree-

bank; (4) avoidance of duplicated investment in

the construction and maintenance of proprietary

corp ora; (5) promoting continuous evolution of an

old grammar system for a corpus-based system.

In this pap er, we therefore prop osed a simple

approach for converting one treebank into another

across two di�erent grammar systems using a sim-

ple conversion metric based one the bracket infor-

mation of the original treebank. The simple met-

ric, which ev aluates the numb er of bracket match-

ing, turns out to b e e�ective in preserving the

structures across two di�erent grammars. The ex-

p eriment results show that, excl uding unambigu-

ous sentences, the conversi on accurac y

, in terms of

the numb er of correctly converted trees, achieves

as high as 96.4%.

Re ferences

[Chang and Su 1993] Jing-Shin Chang and Keh-

Yih Su, 1993. \A Corpus-Based Statistics-

Oriented T ransfer and Generation Mo del for

Machine T ranslation," In P r o c e e d i n g s o f T M I -

9 3, pp. 3 {14, 5th Int. Conf. on Theoretical and

Metho dological Issues in Machine T ranslation,

Kyoto, Japan, July 14{16, 1993.

[Chen et al. 1991] Shu-Chuan Chen, Jing-Shin

Chang, Jong-Nae W ang and Keh-Yih Su, 1991.

\ArchT ran: A Corpus-based Statistics-ori ented

English-Chinese Machine T ranslation System,"

In Pr o c e e dings of Mac hine T r anslation S u mmit

III, pp. 33{40, W ashington, D.C., USA, July 1{

4, 1991.

[Isab ell e et al. 1993] Pierre Isab elle , Marc Dymet-

man, George F orster, Jean-Marc Jutras, Ellio tt

Machkovitch, F ran � cois , Perrault, Xiaob o Ren

and Michel Simard, 1993. \T ranslation Anal-

ysis and T ranslation Automation," Pr o c e e dings

of TMI-93, pp. 201{217, 5th Int. Conf. on The-

oretical and Metho dological Issues in Machine

T ranslation, Kyoto, Japan, July 14{16, 1993.

[Marcus et al. 1993] Mitchell P

. Marcus, Beatrice

Santorini, and Mary Ann Marcinkiewicz , 1993.

\Building a Large Annotated Corpus of English:

The Penn T reebank," Com putational Linguis-

tics, vol. 19, no. 2, pp. 313-330, June 1993.

[Su and Chang 1990] Keh-Yih Su and Jing-Shin

Chang, 1990. \Some Key Issues in Designing

MT Systems," Machine T r anslation, vol. 5, no.

4, pp. 265-300, 1990.