
In Pro ceedings of the 1st Meeting of the North American Chapter of the A CL, 2000, Seattle, W A.

Exploiting auxiliary distributions in sto c hastic uni�cation-based

grammars

Mark Johnson

�

Cognitiv e and Linguistic Sciences

Bro wn Univ ersit y

Ma rk_Johnson@Bro wn.edu

Stefan Riezler

Institut für Masc hinelle Sprac h v erarb eitung

Univ ersität Stuttgart

riezler@ims.uni-stuttga rt.de

Abstract

This pap er describ es a metho d for estimating

conditional probabilit y distributions o v er the

parses of �uni�cation-based� grammars whic h

can utilize auxiliary distributions that are es-

timated b y other means. W e sho w ho w

this can b e used to incorp orate information

ab out lexical selectional preferences gathered

from other sources in to Sto c hastic �Uni�cation-

based� Grammars (SUBGs). While w e apply

this estimator to a Sto c hastic Lexical-F unctional

Grammar, the metho d is general, and should b e

applicable to sto c hastic v ersions of HPSGs, cat-

egorial grammars and transformational gram-

mars.

1 In tro duction

�Uni�cation-based� Grammars (UBGs) can cap-

ture a wide v ariet y of linguistically imp ortan t

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

b ecause these constrain ts can b e non-lo cal or

con text-sensitiv e, dev eloping sto c hastic v ersions

of UBGs and asso ciated estimation pro cedures

is not as straigh t-forw ard as it is for, e.g.,

PCF Gs. Recen t w ork has sho wn ho w to de-

�ne probabilit y distributions o v er the parses of

UBGs (Abney , 1997) and e�cien tly estimate

and use conditional probabilities for parsing

(Johnson et al., 1999). Lik e most other practical

sto c hastic grammar estimation pro cedures, this

latter estimation pro cedure requires a parsed

training corpus.

Unfortunately , large parsed UBG corp ora are

not y et a v ailable. This restricts the kinds of

mo dels one can realistically exp ect to b e able

to estimate. F or example, a mo del incorp orat-

ing lexical selectional preferences of the kind

�
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describ ed b elo w migh t ha v e tens or h undreds

of thousands of parameters, whic h one could

not reasonably attempt to estimate from a cor-

pus with on the order of a thousand clauses.

Ho w ev er, statistical mo dels of lexical selec-

tional preferences can b e estimated from v ery

large corp ora based on simpler syn tactic struc-

tures, e.g., those pro duced b y a shallo w parser.

While there is undoubtedly disagreemen t b e-

t w een these simple syn tactic structures and the

syn tactic structures pro duced b y the UBG, one

migh t hop e that they are close enough for lexical

information gathered from the simpler syn tactic

structures to b e of use in de�ning a probabilit y

distribution o v er the UBG's structures.

In the estimation pro cedure describ ed here,

w e call the probabilit y distribution estimated

from the larger, simpler corpus an auxiliary dis-

tribution . Our treatmen t of auxiliary distribu-

tions is inspired b y the treatmen t of reference

distributions in Jelinek's (1997) presen tation of

Maxim um En trop y estimation, but in our es-

timation pro cedure w e simply regard the loga-

rithm of eac h auxiliary distribution as another

(real-v alued) feature. Despite its simplicit y , our

approac h seems to o�er sev eral adv an tages o v er

the reference distribution approac h. First, it is

straigh t-forw ard to utilize sev eral auxiliary dis-

tributions sim ultaneously: eac h is treated as a

distinct feature. Second, eac h auxiliary distribu-

tion is asso ciated with a parameter whic h scales

its con tribution to the �nal distribution. In ap-

plications suc h as ours where the auxiliary dis-

tribution ma y b e of questionable relev ance to

the distribution w e are trying to estimate, it

seems reasonable to p ermit the estimation pro-

cedure to discoun t or ev en ignore the auxiliary

distribution. Finally , note that neither Jelinek's

nor our estimation pro cedures require that an

auxiliary or reference distribution Q b e a prob-



abilit y distribution; i.e., it is not necessary that

Q (
) = 1 , where 
 is the set of w ell-formed

linguistic structures.

The rest of this pap er is structured as fol-

lo ws. Section 2 reviews ho w exp onen tial mo d-

els can b e de�ned o v er the parses of UBGs,

giv es a brief description of Sto c hastic Lexical-

F unctional Grammar, and reviews wh y maxi-

m um pseudo-lik eliho o d estimation is b oth feasi-

ble and su�cien t of parsing purp oses. Section 3

presen ts our new estimator, and sho ws ho w it

is related to the minimization of the Kullbac k-

Leibler div ergence b et w een the conditional es-

timated and auxiliary distributions. Section 4

describ es the auxiliary distribution used in our

exp erimen ts, and section 5 presen ts the results

of those exp erimen ts.

2 Sto c hastic Uni�cation-based

Grammars

Most of the classes of probabilistic language

mo dels used in computational linguistic are ex-

p onen tial families. That is, the probabilit y P( ! )

of a w ell-formed syn tactic structure ! 2 
 is de-

�ned b y a function of the form

P

�

( ! ) =

Q ( ! )

Z

�

e

� � f ( ! )

(1)

where f ( ! ) 2 R

m

is a v ector of fe atur e values ,

� 2 R

m

is a v ector of adjustable fe atur e p ar am-

eters , Q is a function of ! (whic h Jelinek (1997)

calls a r efer enc e distribution when it is not an in-

dicator function), and Z

�

=

R




Q ( ! ) e

� � f ( ! )

d! is

a normalization factor called the partition func-

tion. (Note that a feature here is just a real-

v alued function of a syn tactic structure ! ; to

a v oid confusion w e use the term �attribute� to

refer to a feature in a feature structure). If

Q ( ! ) = 1 then the class of exp onen tial dis-

tributions is precisely the class of distributions

with maxim um en trop y satisfying the constrain t

that the exp ected v alues of the features is a cer-

tain sp eci�ed v alue (e.g., a v alue estimated from

training data), so exp onen tial mo dels are some-

times also called �Maxim um En trop y� mo dels.

F or example, the class of distributions ob-

tained b y v arying the parameters of a PCF G

is an exp onen tial family . In a PCF G eac h rule

or pro duction is asso ciated with a feature, so m

is the n um b er of rules and the j th feature v alue

f

j

( ! ) is the n um b er of times the j rule is used

in the deriv ation of the tree ! 2 
 . Simple ma-

nipulations sho w that P

�

( ! ) is equiv alen t to the

PCF G distribution if �

j

= log p

j

, where p

j

is the

rule emission probabilit y , and Q ( ! ) = Z

�

= 1 .

If the features satisfy suitable Mark o vian in-

dep endence constrain ts, estimation from fully

observ ed training data is straigh t-forw ard. F or

example, b ecause the rule features of a PCF G

meet �con text-free� Mark o vian indep endence

conditions, the w ell-kno wn �relativ e frequency�

estimator for PCF Gs b oth maximizes the lik eli-

ho o d of the training data (and hence is asymp-

totically consisten t and e�cien t) and minimizes

the Kullbac k-Leibler div ergence b et w een train-

ing and estimated distributions.

Ho w ev er, the situation c hanges dramatically

if w e enforce non-lo cal or con text-sensitiv e con-

strain ts on linguistic structures of the kind that

can b e expressed b y a UBG. As Abney (1997)

sho w ed, under these circumstances the relativ e

frequency estimator is in general inconsisten t,

ev en if one restricts atten tion to rule features.

Consequen tly , maxim um lik eliho o d estimation

is m uc h more complicated, as discussed in sec-

tion 2.2. Moreo v er, while rule features are nat-

ural for PCF Gs giv en their con text-free inde-

p endence prop erties, there is no particular rea-

son to use only rule features in Sto c hastic UBGs

(SUBGs). Th us an SUBG is a triple h G; f ; � i ,

where G is a UBG whic h generates a set of w ell-

formed linguistic structures 
 , and f and � are

v ectors of feature functions and feature param-

eters as ab o v e. The probabilit y of a structure

! 2 
 is giv en b y (1) with Q ( ! ) = 1 . Giv en a

base UBG, there are usually in�nitely man y dif-

feren t w a ys of selecting the features f to mak e

a SUBG, and eac h of these mak es an empirical

claim ab out the class of p ossible distributions of

structures.

2.1 Sto c hastic Lexical F unctional

Grammar

Sto c hastic Lexical-F unctional Grammar

(SLF G) is a sto c hastic extension of Lexical-

F unctional Grammar (LF G), a UBG formalism

dev elop ed b y Kaplan and Bresnan (1982).

Giv en a base LF G, an SLF G is constructed

b y de�ning features whic h iden tify salien t

constructions in a linguistic structure (in LF G

this is a c-structure/f-structure pair and its

asso ciated mapping; see Kaplan (1995)). Apart

from the auxiliary distributions, w e based our



features on those used in Johnson et al. (1999),

whic h should b e consulted for further details.

Most of these feature v alues range o v er the

natural n um b ers, coun ting the n um b er of times

that a particular construction app ears in a

linguistic structure. F or example, adjunct and

argumen t features coun t the n um b er of adjunct

and argumen t attac hmen ts, p ermitting SLF G

to capture a general argumen t attac hmen t pref-

erence, while more sp ecialized features coun t

the n um b er of attac hmen ts to eac h grammatical

function (e.g., SUBJ, OBJ, COMP , etc.).

The �exibilit y of features in sto c hastic UBGs

p ermits us to include features for relativ ely

complex constructions, suc h as date expres-

sions (it seems that date in terpretations, if

p ossible, are usually preferred), righ t-branc hing

constituen t structures (usually preferred) and

non-parallel co ordinate structures (usually

dispreferred). Johnson et al. remark that they

w ould ha v e lik ed to ha v e included features for

lexical selectional preferences. While suc h fea-

tures are p erfectly acceptable in a SLF G, they

felt that their corp ora w ere so small that the

large n um b er of lexical dep endency parameters

could not b e accurately estimated. The presen t

pap er prop oses a metho d to address this b y

using an auxiliary distribution estimated from

a corpus large enough to (hop efully) pro vide

reliable estimates for these parameters.

2.2 Estimating sto c hastic

uni�cation-based grammars

Supp ose ~! = !

1

; : : : ; !

n

is a corpus of n syn-

tactic structures. Letting f

j

( ~ ! ) =

P

n

i =1

f

j

( !

i

)

and assuming eac h !

i

2 
 , the lik eliho o d of the

corpus L

�

( ~ ! ) is:

L

�

( ~ ! ) =

n

Y

i =1

P

�

( !

i

)

= e

� � f ( ~ ! )

Z

� n

�

(2)

@

@ �

j

log L

�

( ~ ! ) = f

j

( ~ ! ) � n E

�

( f

j

) (3)

where E

�

( f

j

) is the exp ected v alue of f

j

un-

der the distribution P

�

. The maxim um lik eli-

ho o d estimates are the � whic h maximize (2), or

equiv alen tly , whic h mak e (3) zero, but as John-

son et al. (1999) explain, there seems to b e no

practical w a y of computing these for realistic

SUBGs since ev aluating (2) and its deriv ativ es

(3) in v olv es in tegrating o v er all syn tactic struc-

tures 
 .

Ho w ev er, Johnson et al. observ e that parsing

applications require only the c onditional proba-

bilit y distribution P

�

( ! j y ) , where y is the ter-

minal string or yield b eing parsed, and that this

can b e estimated b y maximizing the pseudo-

likeliho o d of the corpus PL

�

( ~ ! ) :

PL

�

( ~ ! ) =

n

Y

i =1

P

�

( !

i

j y

i

)

= e

� � f ( ~ ! )

n

Y

i =1

Z

� 1

�

( y

i

) (4)

In (4), y

i

is the yield of !

i

and

Z

�

( y

i

) =

Z


( y

i

)

e

� � f ( ! )

d! ;

where 
( y

i

) is the set of all syn tactic structures

in 
 with yield y

i

(i.e., all parses of y

i

gener-

ated b y the base UBG). It turns out that cal-

culating the pseudo-lik eliho o d of a corpus only

in v olv es in tegrations o v er the sets of parses of

its yields 
( y

i

) , whic h is feasible for man y in ter-

esting UBGs. Moreo v er, the maxim um pseudo-

lik eliho o d estimator is asymptotically consisten t

for the conditional distribution P( ! j y ) . F or the

reasons explained in Johnson et al. (1999) w e ac-

tually estimate � b y maximizing a regularized

v ersion of the log pseudo-lik eliho o d (5), where

�

j

is 7 times the maxim um v alue of f

j

found in

the training corpus:

log PL

�

( ~ ! ) �

m

X

j =1

�

2

j

2 �

2

j

(5)

See Johnson et al. (1999) for details of the cal-

culation of this quan tit y and its deriv ativ es, and

the conjugate gradien t routine used to calcu-

late the � whic h maximize the regularized log

pseudo-lik eliho o d of the training corpus.

3 Auxiliary distributions

W e mo dify the estimation problem presen ted in

section 2.2 b y assuming that in addition to the

corpus ~! and the m feature functions f w e are

giv en k auxiliary distributions Q

1

; : : : ; Q

k

whose

supp ort includes 
 that w e susp ect ma y b e re-

lated to the join t distribution P( ! ) or condi-

tional distribution P( ! j y ) that w e wish to esti-



mate. W e do not require that the Q

j

b e proba-

bilit y distributions, i.e., it is not necessary that

R




Q

j

( ! ) d! = 1 , but w e do require that they

are strictly p ositiv e (i.e., Q

j

( ! ) > 0 ; 8 ! 2 
 ).

W e de�ne k new features f

m +1

; : : : ; f

m + k

where

f

m + j

( ! ) = log Q

j

( ! ) , whic h w e call auxiliary

fe atur es . The m + k parameters asso ciated with

the resulting m + k features can b e estimated us-

ing an y metho d for estimating the parameters

of an exp onen tial family with real-v alued fea-

tures (in our exp erimen ts w e used the pseudo-

lik eliho o d estimation pro cedure review ed in sec-

tion 2.2). Suc h a pro cedure estimates parame-

ters �

m +1

; : : : ; �

m + k

asso ciated with the auxil-

iary features, so the estimated distributions tak e

the form (6) (for simplicit y w e only discuss join t

distributions here, but the treatmen t of condi-

tional distributions is parallel).

P

�

( ! ) =

Q

k

j =1

Q

j

( ! )

�

m + j

Z

�

e

P

m

j =1

�

j

f

j

( ! )

: (6)

Note that the auxiliary distributions Q

j

are

treated as �xed distributions for the purp oses

of this estimation, ev en though eac h Q

j

ma y it-

self b e a complex mo del obtained via a previous

estimation pro cess. Comparing (6) with (1) on

page 2, w e see that the t w o equations b ecome

iden tical if the reference distribution Q in (1) is

replaced b y a geometric mixture of the auxiliary

distributions Q

j

, i.e., if:

Q ( ! ) =

k

Y

j =1

Q

j

( ! )

�

m + j

:

The parameter asso ciated with an auxiliary fea-

ture represen ts the w eigh t of that feature in the

mixture. If a parameter �

m + j

= 1 then the

corresp onding auxiliary feature Q

j

is equiv alen t

to a reference distribution in Jelinek's sense,

while if �

m + j

= 0 then Q

j

is e�ectiv ely ig-

nored. Th us our approac h can b e regarded as

a smo othed v ersion Jelinek's reference distribu-

tion approac h, generalized to p ermit m ultiple

auxiliary distributions.

4 Lexical selectional preferences

The auxiliary distribution w e used here is based

on the probabilistic mo del of lexical selectional

preferences describ ed in Ro oth et al. (1999). An

existing broad-co v erage parser w as used to �nd

shallo w parses (compared to the LF G parses)

for the 117 million w ord British National Cor-

pus (Carroll and Ro oth, 1998). W e based our

auxiliary distribution on 3.7 million h g ; r ; a i tu-

ples (b elonging to 600,000 t yp es) w e extracted

these parses, where g is a lexical go v ernor (for

the shallo w parses, g is either a v erb or a prep o-

sition), a is the head of one of its NP argumen ts

and r is the the grammatical relationship b e-

t w een the go v ernor and argumen t (in the shal-

lo w parses r is alw a ys obj for prep ositional go v-

ernors, and r is either subj or obj for v erbal

go v ernors).

In order to a v oid sparse data problems w e

smo othed this distribution o v er tuples as de-

scrib ed in (Ro oth et al., 1999). W e assume that

go v ernor-relation pairs h g ; r i and argumen ts a

are indep enden tly generated from 25 hidden

classes C , i.e.:

b

P( h g ; r ; a i ) =

X

c 2 C

P

e

( h g ; r ij c )

b

P

e

( a j c )P

e

( c )

where the distributions P

e

are estimated from

the training tuples using the Exp ectation-

Maximization algorithm. While the hidden

classes are not giv en an y prior in terpretation

they often cluster seman tically coheren t predi-

cates and argumen ts, as sho wn in Figure 1. The

smo othing p o w er of a clustering mo del suc h as

this can b e calculated explicitly as the p ercen t-

age of p ossible tuples whic h are assigned a non-

zero probabilit y . F or the 25-class mo del w e get a

smo othing p o w er of 99% , compared to only 1 : 7%

using the empirical distribution of the training

data.

5 Empirical ev aluation

Hadar Shem to v and Ron Kaplan at Xero x P ar c

pro vided us with t w o LF G parsed corp ora called

the V erbmobil corpus and the Homecen tre cor-

pus. These con tain parse forests for eac h sen-

tence (pac k ed according to sc heme describ ed in

Maxw ell and Kaplan (1995)), together with a

man ual annotation as to whic h parse is cor-

rect. The V erbmobil corpus con tains 540 sen-

tences relating to app oin tmen t planning, while

the Homecen tre corpus con tains 980 sen tences

from Xero x do cumen tation on their �homecen-

tre� m ultifunction devices. Xero x did not pro-

vide us with the base LF Gs for in tellectual prop-

ert y reasons, but from insp ection of the parses
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0.3183 sa y:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0405 sa y:o � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0345 ask:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0276 tell:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0214 b e:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0193 kno w:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0147 ha v e:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0144 no d:s � � � � � � � � � � � � � � � � � �

0.0137 think:s � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0130 shak e:s � � � � � � � � � � � � � � � � � �

0.0128 tak e:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0104 reply:s � � � � � � � � � � � � � � � � � � � � � �

0.0096 smile:s � � � � � � � � � � � � � � � � � � �

0.0094 do:s � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0094 laugh:s � � � � � � � � � � � � � � � � � � � � � � �

0.0089 tell:o � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0084 sa w:s � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0082 add:s � � � � � � � � � � � � � � � � � � � � � �

0.0078 feel:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0071 mak e:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0070 giv e:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0067 ask:o � � � � � � � � � � � � � � � � � � � � � � � � �

0.0066 shrug:s � � � � � � � � � � � � �

0.0061 explain:s � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0051 lik e:s � � � � � � � � � � � � � � � � � � � � �

0.0050 lo ok:s � � � � � � � � � � � � � � � � � � � �

0.0050 sigh:s � � � � � � � � � � � � �

0.0049 w atc h:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0049 hear:s � � � � � � � � � � � � � � � � � � � � � �

0.0047 answ er:s � � � � � � � � � � � � � � � � � � � �

Figure 1: A depiction of the highest probabilit y predicates and argumen ts in Class 16. The class

matrix sho ws at the top the 30 most probable nouns in the P

e

( a j 16) distribution and their probabil-

ities, and at the left the 30 most probable v erbs and prep ositions listed according to P r

e

( h g ; r ij 16)

and their probabilities. Dots in the matrix indicate that the resp ectiv e pair w as seen in the training

data. Predicates with su�x : s indicate the sub ject slot of an in transitiv e or transitiv e v erb; the

su�x : o sp eci�es the nouns in the corresp onding ro w as ob jects of v erbs or prep ositions.

it seems that sligh tly di�eren t grammars w ere

used with eac h corpus, so w e did not merge the

corp ora. W e c hose the features of our SLF G

based solely on the basis of the V erbmobil cor-

pus, so the Homecen tre corpus can b e regarded

as a held-out ev aluation corpus.

W e discarded the unam biguous sen tences in

eac h corpus for b oth training and testing (as

explained in Johnson et al. (1999), pseudo-

lik eliho o d estimation ignores unam biguous sen-

tences), lea ving us with a corpus of 324 am-

biguous sen tences in the V erbmobil corpus and

481 sen tences in the Homecen tre corpus; these

sen tences had a total of 3,245 and 3,169 parses

resp ectiv ely .

The (non-auxiliary) features used in w ere

based on those describ ed b y Johnson et

al. (1999). Di�eren t n um b ers of features

w ere used with the t w o corp ora b ecause

some of the features w ere generated semi-

automatically (e.g., w e in tro duced a feature for

ev ery attribute-v alue pair found in an y feature

structure), and �pseudo-constan t� features (i.e.,

features whose v alues nev er di�er on the parses

of the same sen tence) are discarded. W e used

172 features in the SLF G for the V erbmobil cor-

pus and 186 features in the SLF G for the Home-

cen tre corpus.

W e used three additional auxiliary features

deriv ed from the lexical selectional preference

mo del describ ed in section 4. These w ere de-

�ned in the follo wing w a y . F or eac h go v erning

predicate g , grammatical relation r and argu-

men t a , let n

h g ;r ;a i

( ! ) b e the n um b er of times

that the f-structure:

�

pred = g

r = [ pred = a ]

�

app ears as a subgraph of the f-structure of

! , i.e., the n um b er of times that a �lls the



grammatical role r of g . W e used the lexical

mo del describ ed in the last section to estimate

b

P( a j g ; r ) , and de�ned our �rst auxiliary feature

as:

f

l

( ! ) = log

b

P( g

0

) +

X

h g ;r ;a i

n

h g ;r ;a i

( ! ) log

b

P( a j g ; r )

where g

0

is the predicate of the ro ot feature

structure. The justi�cation for this feature is

that if f-structures w ere in fact a tree, f

l

( ! )

w ould b e the (logarithm of ) a probabilit y distri-

bution o v er them. The auxiliary feature f

l

is de-

fectiv e in man y w a ys. Because LF G f-structures

are D A Gs with reen trancies rather than trees

w e double coun t certain argumen ts, so f

l

is cer-

tainly not the logarithm of a probabilit y distri-

bution (whic h is wh y w e stressed that our ap-

proac h do es not require an auxiliary distribution

to b e a distribution).

The n um b er of go v ernor-argumen t tuples

found in di�eren t parses of the same sen tence

can v ary mark edly . Since the conditional proba-

bilities

b

P( a j g ; r ) are usually v ery small, w e found

that f

l

( ! ) w as strongly related to the n um b er of

tuples found in ! , so the parse with the smaller

n um b er of tuples usually obtains the higher f

l

score. W e tried to address this b y adding t w o

additional features. W e set f

c

( ! ) to b e the n um-

b er of tuples in ! , i.e.:

f

c

( ! ) =

X

h g ;r ;a i

n

h g ;r ;a i

( ! ) :

Then w e set f

n

( ! ) = f

l

( ! ) =f

c

( ! ) , i.e., f

n

( ! ) is

the a v erage log probabilit y of a lexical dep en-

dency tuple under the auxiliary lexical distribu-

tion. W e p erformed our exp erimen ts with f

l

as

the sole auxiliary distribution, and with f

l

, f

c

and f

n

as three auxiliary distributions.

Because our corp ora w ere so small, w e trained

and tested these mo dels using a 10-fold cross-

v alidation paradigm; the cum ulativ e results are

sho wn in T able 1. On eac h fold w e ev aluated

eac h mo del in t w o w a ys. The c orr e ct p arses

me asur e simply coun ts the n um b er of test sen-

tences for whic h the estimated mo del assigns

its maxim um parse probabilit y to the correct

parse, with ties brok en randomly . The pseudo-

likeliho o d me asur e is the pseudo-lik eliho o d of

test set parses; i.e., the conditional probabilit y

of the test parses giv en their yields. W e actu-

ally rep ort the negativ e log of this measure, so a

smaller score corresp onds to b etter p erformance

here. The correct parses measure is most closely

related to parser p erformance, but the pseudo-

lik eliho o d measure is more closely related to the

quan tit y w e are optimizing and ma y b e more

relev an t to applications where the parser has to

return a certain t y factor asso ciated with eac h

parse.

T able 1 also pro vides the n um b er of indistin-

guishable sentenc es under eac h mo del. A sen-

tence y is indistinguishable with resp ect to fea-

tures f i� f ( !

c

) = f ( !

0

) , where !

c

is the correct

parse of y and !

c

6= !

0

2 
( y ) , i.e., the feature

v alues of correct parse of y are iden tical to the

feature v alues of some other parse of y . If a

sen tence is indistinguishable it is not p ossible to

assign its correct parse a (conditional) probabil-

it y higher than the (conditional) probabilit y as-

signed to other parses, so all else b eing equal w e

w ould exp ect a SUBG with with few er indistin-

guishable sen tences to p erform b etter than one

with more.

A dding auxiliary features reduced the already

lo w n um b er of indistinguishable sen tences in the

V erbmobil corpus b y only 11%, while it reduced

the n um b er of indistinguishable sen tences in the

Homecen tre corpus b y 24%. This probably re-

�ects the fact that the feature set w as designed

b y insp ecting only the V erbmobil corpus.

W e m ust admit disapp oin tmen t with these re-

sults. A dding auxiliary lexical features impro v es

the correct parses measure only sligh tly , and de-

grades rather than impro v es p erformance on the

pseudo-lik eliho o d measure. P erhaps this is due

to the fact that adding auxiliary features in-

creases the dimensionalit y of the feature v ector

f , so the pseudo-lik eliho o d scores with di�eren t

n um b ers of features are not strictly comparable.

The small impro v emen t in the correct parses

measure is t ypical of the impro v emen t w e migh t

exp ect to ac hiev e b y adding a �go o d� non-

auxiliary feature, but giv en the imp ortance usu-

ally placed on lexical dep endencies in statistical

mo dels one migh t ha v e exp ected more impro v e-

men t. Probably the p o or p erformance is due

in part to the fairly large di�erences b et w een

the parses from whic h the lexical dep endencies

w ere estimated and the parses pro duced b y the

LF G. LF G parses are v ery detailed, and man y

am biguities dep end on the precise grammatical

relationship holding b et w een a predicate and its



V erbmobil corpus (324 sen tences, 172 non-auxiliary features)

Auxiliary features used Indistinguishable Correct - log PL

(none) 9 180 401.3

f

l

8 183 401.6

f

l

; f

c

; f

n

8 180.5 404.0

Homecen tre corpus (481 sen tences, 186 non-auxiliary features)

Auxiliary features used Indistinguishable Correct - log PL

(none) 45 283.25 580.6

f

l

34 284 580.6

f

l

; f

c

; f

n

34 285 582.2

T able 1: The e�ect of adding auxiliary lexical dep endency features to a SLF G. The auxiliary

features are describ ed in the text. The column lab elled �indistinguishable� giv es the n um b er of

indistinguishable sen tences with resp ect to eac h feature set, while �correct� and �� log PL� giv e the

correct parses and pseudo-lik eliho o d measures resp ectiv ely .

argumen t. It could also b e that b etter p erfor-

mance could b e ac hiev ed if the lexical dep enden-

cies w ere estimated from a corpus more closely

related to the actual test corpus. F or example,

the v erb fe e d in the Homecen tre corpus is used in

the sense of �insert (pap er in to prin ter)�, whic h

hardly seems to b e a protot ypical usage.

Note that o v erall system p erformance is quite

go o d; taking the unam biguous sen tences in to

accoun t the com bined LF G parser and statisti-

cal mo del �nds the correct parse for 73% of the

V erbmobil test sen tences and 80% of the Home-

cen tre test sen tences. On just the am biguous

sen tences, our system selects the correct parse

for 56% of the V erbmobil test sen tences and 59%

of the Homecen tre test sen tences.

6 Conclusion

This pap er has presen ted a metho d for incorp o-

rating auxiliary distributional information gath-

ered b y other means p ossibly from other corp ora

in to a Sto c hastic �Uni�cation-based� Grammar

(SUBG). This p ermits one to incorp orate dep en-

dencies in to a SUBG whic h probably cannot b e

estimated directly from the small UBG parsed

corp ora a v ailable to da y . It has the virtue that

it can incorp orate sev eral auxiliary distributions

sim ultaneously , and b ecause it asso ciates eac h

auxiliary distribution with its o wn �w eigh t� pa-

rameter, it can scale the con tributions of eac h

auxiliary distribution to w ard the �nal estimated

distribution, or ev en ignore it en tirely . W e ha v e

applied this to incorp orate lexical selectional

preference information in to a Sto c hastic Lexical-

F unctional Grammar, but the tec hnique gener-

alizes to sto c hastic v ersions of HPSGs, catego-

rial grammars and transformational grammars.

An ob vious extension of this w ork, whic h w e

hop e will b e p ersued in the future, is to ap-

ply these tec hniques in broad-co v erage feature-

based T A G parsers.
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