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Abstract

Log-linear mo dels pro vide a statistically sound

framew ork for Sto c hastic �Uni�cation-Based�

Grammars (SUBGs) and sto c hastic v ersions of

other kinds of grammars. W e describ e t w o

computationally-tractable w a ys of estimating

the parameters of suc h grammars from a train-

ing corpus of syn tactic analyses, and apply

these to estimate a sto c hastic v ersion of Lexical-

F unctional Grammar.

1 In tro duction

Probabilistic metho ds ha v e rev olutionized com-

putational linguistics. They can pro vide a

systematic treatmen t of preferences in pars-

ing. Giv en a suitable estimation pro cedure,

sto c hastic mo dels can b e �tuned� to re�ect the

prop erties of a corpus. On the other hand,

�Uni�cation-Based� Grammars (UBGs) can ex-

press a v ariet y of linguistically-imp ortan t syn-

tactic and seman tic constrain ts. Ho w ev er, de-

v eloping Sto c hastic �Uni�cation-based� Gram-

mars (SUBGs) has not pro v ed as straigh t-

forw ard as migh t b e hop ed.

The simple �relativ e frequency� estimator for

PCF Gs yields the maxim um lik eliho o d param-

eter estimate, whic h is to sa y that it mini-

mizes the Kulbac k-Liebler div ergence b et w een

the training and estimated distributions. On

the other hand, as Abney (1997) p oin ts out, the

con text-sensitiv e dep endencies that �uni�cation-

based� constrain ts in tro duce render the relativ e

frequency estimator sub optimal: in general it

do es not maximize the lik eliho o d and it is in-

consisten t.

�
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Abney (1997) prop oses a Mark o v Random

Field or log linear mo del for SUBGs, and the

mo dels describ ed here are instances of Ab-

ney's general framew ork. Ho w ev er, the Mon te-

Carlo parameter estimation pro cedure that Ab-

ney prop oses seems to b e computationally im-

practical for reasonable-sized grammars. Sec-

tions 3 and 4 describ e t w o new estimation pro ce-

dures whic h are computationally tractable. Sec-

tion 5 describ es an exp erimen t with a small LF G

corpus pro vided to us b y Xero x P ar c . The log

linear framew ork and the estimation pro cedures

are extremely general, and they apply directly

to sto c hastic v ersions of HPSG and other theo-

ries of grammar.

2 F eatures in SUBGs

W e follo w the statistical literature in using the

term fe atur e to refer to the prop erties that pa-

rameters are asso ciated with (w e use the w ord

�attribute� to refer to the attributes or features

of a UBG's feature structure). Let 
 b e the

set of all p ossible grammatical or w ell-formed

analyses. Eac h feature f maps a syn tactic anal-

ysis ! 2 
 to a real v alue f ( ! ) . The form of

a syn tactic analysis dep ends on the underlying

linguistic theory . F or example, for a PCF G !

w ould b e parse tree, for a LF G ! w ould b e a

tuple consisting of (at least) a c-structure, an f-

structure and a mapping from c-structure no des

to f-structure elemen ts, and for a Chomskyian

transformational grammar ! w ould b e a deriv a-

tion.

Log-linear mo dels are mo dels in whic h the

log probabilit y is a linear com bination of fea-

ture v alues (plus a constan t). PCF Gs, Gibbs

distributions, Maxim um-En trop y distributions

and Mark o v Random Fields are all examples of

log-linear mo dels. A log-linear mo del asso ciates

eac h feature f

j

with a real-v alued parameter �

j

.



A log-linear mo del with m features is one in

whic h the lik eliho o d P( ! ) of an analysis ! is:
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While the estimators describ ed b elo w mak e

no assumptions ab out the range of the f

i

, in the

mo dels considered here the v alue of eac h fea-

ture f

i

( ! ) is the n um b er of times a particular

structural arrangemen t or con�guration o ccurs

in the analysis ! , so f

i

( ! ) ranges o v er the nat-

ural n um b ers.

F or example, the features of a PCF G are

indexed b y pro ductions, i.e., the v alue f

i

( ! )

of feature f

i

is the n um b er of times the i th

pro duction is used in the deriv ation ! . This

set of features induces a tree-structured de-

p endency graph on the pro ductions whic h is

c haracteristic of Mark o v Branc hing Pro cesses

(P earl, 1988; F rey , 1998). This tree struc-

ture has the imp ortan t consequence that simple

�relativ e-frequencies� yield maxim um-lik eliho o d

estimates for the �

i

.

Extending a PCF G mo del b y adding addi-

tional features not asso ciated with pro ductions

will in general add additional dep endencies, de-

stro y the tree structure, and substan tially com-

plicate maxim um lik eliho o d estimation.

This is the situation for a SUBG, ev en if the

features are pro duction o ccurences. The uni-

�cation constrain ts create non-lo cal dep enden-

cies among the pro ductions and the dep endency

graph of a SUBG is usually not a tree. Con-

sequen tly , maxim um lik eliho o d estimation is no

longer a simple matter of computing relativ e fre-

quencies. But the resulting estimation pro ce-

dures (discussed in detail, shortly), alb eit more

complicated, ha v e the virtue of applying to es-

sen tially arbitrary features�of the pro duction

or non-pro duction t yp e. That is, since estima-

tors capable of �nding maxim um-lik eliho o d pa-

rameter estimates for pro duction features in a

SUBG will also �nd maxim um-lik eliho o d esti-

mates for non-pro duction features, there is no

motiv ation for restricting features to b e of the

pro duction t yp e.

Linguistically there is no particular reason

for assuming that pro ductions are the b est fea-

tures to use in a sto c hastic language mo del.

F or example, the adjunct attac hmen t am bigu-

it y in (1) results in alternativ e syn tactic struc-

tures whic h use the same pro ductions the same

n um b er of times in eac h deriv ation, so a mo del

with only pro duction features w ould necessarily

assign them the same lik eliho o d. Th us mo dels

that use pro duction features alone predict that

there should not b e a systematic preference for

one of these analyses o v er the other, con trary to

standard psyc holinguistic results.

1.a Bill though t Hillary [

VP

[

VP

left ] y esterda y ]

1.b Bill [

VP

[

VP

though t Hillary left ] y esterda y ]

There are man y di�eren t w a ys of c ho osing fea-

tures for a SUBG, and eac h of these c hoices

mak es an empirical claim ab out p ossible distri-

butions of sen tences. Sp ecifying the features of a

SUBG is as m uc h an empirical matter as sp eci-

fying the grammar itself. F or an y giv en UBG

there are a large (usually in�nite) n um b er of

SUBGs that can b e constructed from it, di�er-

ing only in the features that eac h SUBG uses.

In addition to pro duction features, the

sto c hastic LF G mo dels ev aluated b elo w used the

follo wing kinds of features, guided b y the prin-

ciples prop osed b y Hobbs and Bear (1995). A d-

junct and argumen t features indicate adjunct

and argumen t attac hmen t resp ectiv ely , and p er-

mit the mo del to capture a general argumen t

attac hmen t preference. In addition, there are

sp ecialized adjunct and argumen t features cor-

resp onding to eac h grammatical function used

in LF G (e.g., SUBJ, OBJ, COMP , X COMP ,

ADJUNCT, etc.). There are features indi-

cating b oth high and lo w attac hmen t (deter-

mined b y the complexit y of the phrase b eing

attac hed to). Another feature indicates non-

righ t-branc hing non terminal no des. There is

a feature for non-parallel co ordinate structures

(where parallelism is measured in constituen t

structure terms). Eac h f-structure attribute-

atomic v alue pair whic h app ears in an y feature

structure is also used as a feature. W e also use

a n um b er of features iden tifying syn tactic struc-

tures that seem particularly imp ortan t in these

corp ora, suc h as a feature iden tifying NPs that

are dates (it seems that date in terpretations of

NPs are preferred). W e w ould ha v e lik ed to

ha v e included features concerning sp eci�c lex-

ical items (to capture head-to-head dep enden-

cies), but w e felt that our corp ora w ere so small



that the asso ciated parameters could not b e ac-

curately estimated.

3 A pseudo-lik eliho o d estimator for

log linear mo dels
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where E

�

( f

j

) is the exp ected v alue of f

j

under

the distribution determined b y the parameters

� . The maxim um-lik eliho o d estimates are the �

whic h maximize log L

�

(

e

! ) . The c hief di�cult y

in �nding the maxim um-lik eliho o d estimates is

calculating E

�

( f

j

) , whic h in v olv es summing o v er

the space of w ell-formed syn tactic structures 
 .

There seems to b e no analytic or e�cien t n u-

merical w a y of doing this for a realistic SUBG.

Abney (1997) prop oses a gradien t ascen t,

based up on a Mon te Carlo pro cedure for esti-

mating E

�

( f

j

) . The idea is to generate random

samples of feature structures from the distribu-

tion P

^

�

( ! ) , where

^

� is the curren t parameter

estimate, and to use these to estimate E

^

�

( f

j

) ,

and hence the gradien t of the lik eliho o d. Sam-

ples are generated as follo ws: Giv en a SUBG,

Abney constructs a co v ering PCF G based up on

the SUBG and

^

� , the curren t estimate of � . The

deriv ation trees of the PCF G can b e mapp ed

on to a set con taining all of the SUBG's syn-

tactic analyses. Mon te Carlo samples from the

PCF G are comparativ ely easy to generate, and

sample syn tactic analyses that do not map to

w ell-formed SUBG syn tactic structures are then

simply discarded. This generates a stream of

syn tactic structures, but not distributed accord-

ing to P

^

�

( ! ) (distributed instead according to

the restriction of the PCF G to the SUBG). Ab-

ney prop oses using a Metrop olis acceptance-

rejection metho d to adjust the distribution of

this stream of feature structures to ac hiev e de-

tailed balance, whic h then pro duces a stream

of feature structures distributed according to

P

^

�

( ! ) .

While this sc heme is theoretically sound, it

w ould app ear to b e computationally impracti-

cal for realistic SUBGs. Ev ery step of the pro-

p osed pro cedure (corresp onding to a single step

of gradien t ascen t) requires a v ery large n um b er

of PCF G samples: samples m ust b e found that

corresp ond to w ell-formed SUBGs; man y suc h

samples are required to bring the Metrop olis

algorithm to (near) equilibrium; man y samples

are needed at equilibrium to prop erly estimate

E

^

�

( f

j

) .

The idea of a gradien t ascen t of the lik eliho o d

(2) is app ealing�a simple calculation rev eals

that the lik eliho o d is conca v e and therefore free

of lo cal maxima. But the gradien t (in partic-

ular, E

�

( f

j

) ) is in tractable. This motiv ates an

alternativ e strategy in v olving a data-based esti-

mate of E

�

( f

j

) :

E

�

( f

j

) = E

�

(E

�

( f

j

( ! ) j y ( ! ))) (4)

�

1

n

X

i =1 ;::: ;n

E

�

( f

j

( ! ) j y ( ! ) = y

i

) (5)

where y ( ! ) is the yield b elonging to the syn-

tactic analysis ! , and y

i

= y ( !

i

) is the yield

b elonging to the i 'th sample in the training cor-

pus.

The p oin t is that E

�
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) is gen-

erally computable. In fact, if 
( y ) is the set of

w ell-formed syn tactic structures that ha v e yield

y (i.e., the set of p ossible parses of the string y ),

then
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Hence the calculation of the conditional exp ec-

tations only in v olv es summing o v er the p ossible

syn tactic analyses or parses 
( y

i

) of the strings

in the training corpus. While it is p ossible to

construct UBGs for whic h the n um b er of p os-

sible parses is unmanageably high, for man y

grammars it is quite manageable to en umerate

the set of p ossible parses and thereb y directly

ev aluate E

�

( f

j

( ! ) j y ( ! ) = y

i

) .

Therefore, w e prop ose replacing the gradien t,

(3), b y

f

j

(

e

! ) �

X

i =1 ;::: ;n

E

�

( f

j

( ! ) j y ( ! ) = y

i

) (6)

and p erforming a gradien t ascen t. Of course (6)

is no longer the gradien t of the lik eliho o d func-



tion, but fortunately it is (exactly) the gradien t

of (the log of ) another criterion:

PL
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e
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Instead of maximizing the lik eliho o d of the syn-

tactic analyses o v er the training corpus, w e max-

imize the c onditional lik eliho o d of these anal-

yses given the observe d yields . In our exp eri-

men ts, w e ha v e used a conjugate-gradien t op-

timization program adapted from the one pre-

sen ted in Press et al. (1992).

Regardless of the pragmatic (computational)

motiv ation, one could p erhaps argue that the

conditional probabilities P

�

( ! j y ) are as useful (if

not more useful) as the full probabilities P

�

( ! ) ,

at least in those cases for whic h the ultimate

goal is syn tactic analysis. Berger et al. (1996)

and Jelinek (1997) mak e this same p oin t and

arriv e at the same estimator, alb eit through a

maxim um en trop y argumen t.

The problem of estimating parameters for log-

linear mo dels is not new. It is esp ecially di�-

cult in cases, suc h as ours, where a large sam-

ple space mak es the direct computation of ex-

p ectations infeasible. Man y applications in spa-

tial statistics, in v olving Mark o v random �elds

(MRF), are of this nature as w ell. In his

seminal dev elopmen t of the MRF approac h to

spatial statistics, Besag in tro duced a �pseudo-

lik eliho o d� estimator to address these di�cul-

ties (Besag, 1974; Besag, 1975), and in fact our

prop osal here is an instance of his metho d. In

general, the lik eliho o d function is replaced b y a

more manageable pro duct of conditional lik eli-

ho o ds (a pseudo-likeliho o d �hence the designa-

tion PL

�

), whic h is then optimized o v er the pa-

rameter v ector, instead of the lik eliho o d itself.

In man y cases, as in our case here, this sub-

stitution side steps m uc h of the computational

burden without sacri�cing c onsistency (more on

this shortly).

What are the asymptotics of optimizing a

pseudo-lik eliho o d function? Lo ok �rst at the

lik eliho o d itself. F or large n:
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where �

o

is the true (and unkno wn) parame-

ter v ector. Up to a constan t, (8) is the nega-

tiv e of the Kullbac k-Leibler div ergence b et w een

the true and estimated distributions of syn tac-

tic analyses. As sample size gro ws, maximizing

lik eliho o d amoun ts to minimizing div ergence.

As for pseudo-lik eliho o d:
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So that maximizing pseudo-lik eliho o d (at large

samples) amoun ts to minimizing the a v erage

(o v er yields) div ergence b et w een the true and

estimated c onditional distributions of analyses

given yields .

Maxim um lik eliho o d estimation is consisten t:

under broad conditions the sequence of dis-

tributions P

^

�

n

, asso ciated with the maxim um

lik eliho o d estimator for �

o

giv en the samples

!

1

; : : : !

n

, con v erges to P

�

o

. Pseudo-lik eliho o d is

also consisten t, but in the presen t implemen ta-

tion it is consisten t for the conditional distribu-

tions P

�

o

( ! j y ( ! )) and not necessarily for the full

distribution P

�

o

(see Chi (1998)). It is not hard

to see that pseudo-lik eliho o d will not alw a ys cor-

rectly estimate P

�

o

. Supp ose there is a feature f

i

whic h dep ends only on yields: f

i

( ! ) = f

i

( y ( ! )) .

(Later w e will refer to suc h features as pseudo-

c onstant .) In this case, the deriv ativ e of PL

�

(

e

! )

with resp ect to �

i

is zero; PL

�

(

e

! ) con tains no

information ab out �

i

. In fact, in this case any

v alue of �

i

giv es the same conditional distribu-

tion P

�

( ! j y ( ! )) ; �

i

is irrelev an t to the problem

of c ho osing go o d parses.

Despite the assurance of consistency , pseudo-

lik eliho o d estimation is prone to o v er �tting

when a large n um b er of features is matc hed

against a mo dest-sized training corpus. One

particularly troublesome manifestation of o v er

�tting results from the existence of features

whic h, relativ e to the training set, w e migh t

term �pseudo-maximal�: Let us sa y that a fea-

ture f is pseudo-maximal for a yield y i� 8 !

0

2


( y ) f ( ! ) � f ( !

0

) where ! is an y correct parse



of y , i.e., the feature's v alue on ev ery correct

parse ! of y is greater than or equal to its v alue

on an y other parse of y . Pseudo-minimal fea-

tures are de�ned similarly . It is easy to see that

if f

j

is pseudo-maximal on e ach sentenc e of the

training corpus then the parameter assignmen t

�

j

= 1 maximizes the corpus pseudo-lik eliho o d.

(Similarly , the assignmen t �

j

= �1 maximizes

pseudo-lik eliho o d if f

j

is pseudo-minimal o v er

the training corpus). Suc h in�nite parameter

v alues indicate that the mo del treats pseudo-

maximal features categorically; i.e., an y parse

with a non-maximal feature v alue is assigned a

zero conditional probabilit y .

Of course, a feature whic h is pseudo-maximal

o v er the training corpus is not necessarily

pseudo-maximal for all yields. This is an in-

stance of o v er �tting, and it can b e addressed,

as is customary , b y adding a regularization term

that promotes small v alues of � to the ob jectiv e

function. A common c hoice is to add a quadratic

to the log-lik eliho o d, whic h corresp onds to m ul-

tiplying the lik eliho o d itself b y a normal dis-

tribution. In our exp erimen ts, w e m ultiplied

the pseudo-lik eliho o d b y a zero-mean normal in

�

1

; : : : �

m

, with diagonal co v ariance, and with

standard deviation �

j

for �

j

equal to 7 times the

maxim um v alue of f

j

found in an y parse in the

training corpus. (W e exp erimen ted with other

v alues for �

j

, but the c hoice seems to ha v e lit-

tle e�ect). Th us instead of maximizing the log

pseudo-lik eliho o d, w e c ho ose

^

� to maximize

log PL

�

(

e

! ) �

X

j =1 ;::: ;m

�

2

j

2 �

2

j
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4 A maxim um correct estimator for

log linear mo dels

The pseudo-lik eliho o d estimator describ ed in

the last section �nds parameter v alues whic h

maximize the conditional probabilities of the ob-

serv ed parses (syn tactic analyses) giv en the ob-

serv ed sen tences (yields) in the training corpus.

One of the empirical ev aluation measures w e use

in the next section measures the n um b er of cor-

rect parses selected from the set of all p ossible

parses. This suggests another p ossible ob jec-

tiv e function: c ho ose

^

� to maximize the n um b er

C

�

(

e

! ) of times the maxim um lik eliho o d parse

(under � ) is in fact the correct parse, in the

training corpus.

C

�

(

e

! ) is a highly discon tin uous function of � ,

and most con v en tional optimization algorithms

p erform p o orly on it. W e had the most suc-

cess with a sligh tly mo di�ed v ersion of the sim-

ulated annealing optimizer describ ed in Press

et al. (1992). This pro cedure is m uc h more com-

putationally in tensiv e than the gradien t-based

pseudo-lik eliho o d pro cedure. Its computational

di�cult y gro ws (and the qualit y of solutions de-

grade) rapidly with the n um b er of features.

5 Empirical ev aluation

Ron Kaplan and Hadar Shem to v at Xero x

P ar c pro vided us with t w o LF G parsed cor-

p ora. The V erbmobil corpus con tains app oin t-

men t planning dialogs, while the Homecen tre

corpus is dra wn from Xero x prin ter do cumen-

tation. T able 1 summarizes the basic prop erties

of these corp ora. These corp ora con tain pac k ed

c/f-structure represen tations (Maxw ell I I I and

Kaplan, 1995) of the grammatical parses of

eac h sen tence with resp ect to Lexical-F unctional

grammars. The corp ora also indicate whic h of

these parses is in fact the correct parse (this

information w as man ually en tered). Because

sligh tly di�eren t grammars w ere used for eac h

corpus w e c hose not to com bine the t w o corp ora,

although w e used the set of features describ ed in

section 2 for b oth in the exp erimen ts describ ed

b elo w. T able 2 describ es the prop erties of the

features used for eac h corpus.

In addition to the t w o estimators describ ed

ab o v e w e also presen t results from a baseline es-

timator in whic h all parses are treated as equally

lik ely (this corresp onds to setting all the param-

eters �

j

to zero).

W e ev aluated our estimators using held-out

test corpus

e

!

test

. W e used t w o ev aluation

measures. In an actual parsing application a

SUBG migh t b e used to iden tify the correct

parse from the set of grammatical parses, so

our �rst ev aluation measure coun ts the n um b er

C

^

�

(

e

!

test

) of sen tences in the test corpus

e

!

test

whose maxim um lik eliho o d parse under the es-

timated mo del

^

� is actually the correct parse.

If a sen tence has l most lik ely parses (i.e., all

l parses ha v e the same conditional probabilit y)

and one of these parses is the correct parse, then

w e score 1 =l for this sen tence.

The second ev aluation measure is the pseudo-

lik eliho o d itself, PL

^

�

(

e

!

test

) . The pseudo-



V erbmobil corpus Homecen tre corpus

Num b er of sen tences 540 980

Num b er of am biguous sen tences 314 481

Num b er of parses of am biguous sen tences 3245 3169

T able 1: Prop erties of the t w o corp ora used to ev aluate the estimators.

V erbmobil corpus Homecen tre corpus

Num b er of features 191 227

Num b er of rule features 59 57

Num b er of pseudo-constan t features 19 41

Num b er of pseudo-maximal features 12 4

Num b er of pseudo-minimal features 8 5

T able 2: Prop erties of the features used in the sto c hastic LF G mo dels. The n um b ers of pseudo-

maximal and pseudo-minimal features do not include pseudo-constan t features.

lik eliho o d of the test corpus is the lik eliho o d of

the correct parses giv en their yields, so pseudo-

lik eliho o d measures ho w m uc h of the probabil-

it y mass the mo del puts on to the correct anal-

yses. This metric seems more relev an t to ap-

plications where the system needs to estimate

ho w lik ely it is that the correct analysis lies in

a certain set of p ossible parses; e.g., am biguit y-

preserving translation and h uman-assisted dis-

am biguation. T o mak e the n um b ers more man-

ageable, w e actually presen t the negativ e loga-

rithm of the pseudo-lik eliho o d rather than the

pseudo-lik eliho o d itself�so smaller is b etter.

Because of the small size of our corp ora w e

ev aluated our estimators using a 10-w a y cross-

v alidation paradigm. W e randomly assigned

sen tences of eac h corpus in to 10 appro ximately

equal-sized sub corp ora, eac h of whic h w as used

in turn as the test corpus. W e ev aluated on eac h

sub corpus the parameters that w ere estimated

from the 9 remaining sub corp ora that serv ed as

the training corpus for this run. The ev alua-

tion scores from eac h sub corpus w ere summed

in order to pro vide the scores presen ted here.

T able 3 presen ts the results of the empiri-

cal ev aluation. The sup erior p erformance of

b oth estimators on the V erbmobil corpus prob-

ably re�ects the fact that the non-rule fea-

tures w ere designed to matc h b oth the gram-

mar and con ten t of that corpus. The pseudo-

lik eliho o d estimator p erformed b etter than the

correct-parses estimator on b oth corp ora un-

der b oth ev aluation metrics. There seems to

b e substan tial o v er learning in all these mo d-

els; w e routinely impro v ed p erformance b y dis-

carding features. With a small n um b er of

features the correct-parses estimator t ypically

scores b etter than the pseudo-lik eliho o d estima-

tor on the correct-parses ev aluation metric, but

the pseudo-lik eliho o d estimator alw a ys scores

b etter on the pseudo-lik eliho o d ev aluation met-

ric.

6 Conclusion

This pap er describ ed a log-linear mo del for

SUBGs and ev aluated t w o estimators for suc h

mo dels. Because estimators that can estimate

rule features for SUBGs can also estimate other

kinds of features, there is no particular reason to

limit atten tion to rule features in a SUBG. In-

deed, the n um b er and c hoice of features strongly

in�uences the p erformance of the mo del. The

estimated mo dels are able to iden tify the correct

parse from the set of all p ossible parses appro x-

imately 50% of the time.

W e w ould ha v e lik ed to in tro duce features

corresp onding to dep endencies b et w een lexical

items. Log-linear mo dels are w ell-suited for lex-

ical dep endencies, but b ecause of the large n um-

b er of suc h dep endencies substan tially larger

corp ora will probably b e needed to estimate

suc h mo dels.

1

1

Alternativ ely , it ma y b e p ossible to use a simpler

non-SUBG mo del of lexical dep endencies estimated from

a m uc h larger corpus as the reference distribution with

resp ect to whic h the SUBG mo del is de�ned, as describ ed



V erbmobil corpus Homecen tre corpus

C (

e

!

test

) � log PL(

e

!

test

) C (

e

!

test

) � log PL(

e

!

test

)

Baseline estimator 9.7% 533 15.2% 655

Pseudo-lik eliho o d estimator 58.7% 396 58.8% 583

Correct-parses estimator 53.7% 469 53.2% 604

T able 3: An empirical ev aluation of the estimators. C (

e

!

test

) is the n um b er of maxim um lik eliho o d

parses of the test corpus that w ere the correct parses, and � log PL (

e

!

test

) is the negativ e logarithm

of the pseudo-lik eliho o d of the test corpus.

Ho w ev er, there ma y b e applications whic h can

b ene�t from a mo del that p erforms ev en at this

lev el. F or example, in a mac hine-assisted trans-

lation system a mo del lik e ours could b e used to

order p ossible translations so that more lik ely al-

ternativ es are presen ted b efore less lik ely ones.

In the am biguit y-preserving translation frame-

w ork, a mo del lik e this one could b e used to

c ho ose b et w een sets of analyses whose am bigui-

ties cannot b e preserv ed in translation.
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