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1 In tro duction

This pap er summarizes our recen t w ork in dev eloping statistical mo dels of lan-

guage whic h are compatible with the kinds of linguistic structures p osited b y

curren t linguistic theories. In a series of pap ers w e ha v e dev elop ed to ols for esti-

mating or \learning" suc h mo dels from data (Johnson et al., 1999; Johnson and

Riezler, 2000; Riezler et al., 2000) and this pap er pro vides a high-lev el o v erview

of b oth the general approac h and the metho ds w e dev elop ed.

T urning to theoretical results on learning, it seems that statistical learn-

ers ma y b e more p o w erful than non-statistical learners. F or example, while

Gold's famous results sho w ed that neither �nite state nor con text free lan-

guages can b e learn t from p ositiv e examples alone (Gold, 1967), it turns out

that pr ob abilistic con text free languages can b e learn t from p ositiv e examples

alone (Horning, 1969). Informally , a class of languages ma y b e statistically

learnable ev en though its categorical coun terpart is not b ecause the statistical

learning framew ork mak es stronger assumptions ab out the training data (i.e.,

it is distributed according to some probabilistic grammar from the class) and

accepts a w eak er criterion for successful learning (con v ergence in probabilit y).

Statistics pro vides the theory of optimal learners and optimal comprehenders

(optimal in an information-theoretic sense) whic h serv e as idealizations of, and

upp er b ounds to, h uman p erformance. If an optimal statistical learner fails to

learn a language giv en certain kinds of inputs (sa y , phonological forms alone)

under certain assumptions ab out univ ersal grammar, then w e can b e fairly cer-

tain that h uman b eings either ha v e access to ric her data or ha v e stronger biases

that restrict the class of p ossible grammars.

An immediate goal of this researc h is to �nd a w a y of de�ning probabilit y

distributions o v er linguistically realistic structures in a w a y that p ermits us to

de�ne language learning and language comprehension as statistical problems,

and the rest of this pap er concen trates on these questions. The next section

describ es the linguistic theory , Lexical-F unctional Grammar, whic h de�nes the

linguistic structures used in this researc h, and the follo wing section explains ho w

w e de�ne a probabilit y distribution o v er these structures. Section 4 describ es
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ho w one can learn the parameters that de�ne probabilit y distributions o v er these

structures in principle, and p oin ts out some of the practical problems that mak e

straigh t-forw ard w a ys of estimating these distributions infeasible. This leads us

to the \pseudo-lik eliho o d" estimation metho ds describ ed in section 5, whic h

also raise in teresting questions concerning the nature of the data a v ailable to

the c hild and mo dularit y of language learning and pro cessing.

2 Lexical-functional grammar

This researc h di�ers from most w ork in statistical computational linguistics

in that it is compatible with and builds on the results of mo dern linguistic

theory . While our approac h is compatible with virtually all existing theories

of grammar (including transformational grammar and minimalist grammars),

w e ha v e adopted the framew ork and structures of Lexical-F unctional Grammar

(LF G) in our researc h. LF G has sev eral prop erties that mak e it esp ecially w ell-

suited for researc h in v olving linguistically-orien ted probabilistic grammars. The

formal de�nition of LF Gs and the structures they generate is clear and precise

(Kaplan, 1995), and LF G pro vides simple, clean descriptions of a wide range

of t yp ologically div erse linguistic phenomena (Bresnan, 1982). There is also a

substan tial amoun t of existing computational researc h on LF G, including on

e�cien t parsing with large grammars (Maxw ell I I I and Kaplan, 1993), whic h

w e exploit in our researc h.

An LF G structure of a sen tence consists of a small n um b er of distinct comp o-

nen ts, suc h as the phonological structure, the syn tactic structure, the seman tic

in terpretation, etc. T o k eep things simple in this pap er, ho w ev er, w e will only

use a subset of these comp onen ts and simplify them where appropriate. F or

example, w e tak e the phonological comp onen t of a sen tence to b e just a string

of w ords, and ignore proso dy and other phonological details. Similarly , w e tak e

the seman tic in terpretation of a sen tence to b e its predicate-argumen t structure

(roughly , \who did what to whom"), and ignore mo o d, tense, etc. W e mak e

extensiv e use of t w o comp onen ts in this pap er. The constituen t or c-structur e

of a sen tence sho ws the temp oral arrangemen t of w ords, phrases and clauses

organized as a tree structure. The functional or f-structur e of a sen tence is an

attribute-v alue structure that sho ws the grammatical function relationships b e-

t w een the phrases and clauses of a sen tence, abstracting a w a y from details of

linear order. The particular grammatical function relationship in v olv ed (e.g.,

sub ject, ob ject, etc.) is represen ted b y the attribute name, and f-structures also

enco de the argumen t-adjunct distinction. Although it probably deserv es to b e

a comp onen t in its o wn righ t, for simplicit y w e follo w early w ork in LF G that

enco des the predicate-argumen t structure of a phrase or sen tence as the v alue

of the predica te attribute in an f-structure. Figure 1 depicts the c-structure

and f-structure of the English sen tence Sandy wants to drink wine .

One of the reasons for adopting an attribute-v alue represen tation of f-structure

in LF G is that suc h structures can describ e the m ultiple functional roles that a

single constituen t can pla y in a single sen tence. F or example, in Sandy wants
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Figure 1: The c-structure and the f-structure for the English sen tence Sandy

wants to drink wine .

to drink wine the NP Sandy functions b oth as the sub ject of the v erb wants

and the v erb drink (cf., Sandy wants Sam to drink wine ). This is indicated b y

a re-en trancy in the f-structure, depicted b y the shared index \ 1 " in Figure 1.

Similiar re-en trancies are used to indicate the functional roles pla y ed in rel-

ativ e clauses and wh -questions, where a functional dep endency ma y span an

un b ounded distance in the constituen t structure. F or example, in the question

Which b ottle did Sandy want Sam to op en? , the wh -phrase which b ottle functions

as the ob ject of the v erb op en ev en though the t w o elemen ts are discon tin uous

in c-structure terms. As explained in section 3, lexical dep endencies b et w een

go v ernor-go v ernee pairs pla y an imp ortan t role in our probabilistic mo del, and

their explicit represen tation in LF G's f-structure mak es the construction of our

probabilistic mo del m uc h easier.

F-structures also mak e explicit other imp ortan t linguistic information. F or

example, the f-structure in Figure 1 enco des p erson and n um b er features on

noun phrases (imp ortan t for sub ject-v erb and pronoun agreemen t); although not

sho wn here, f-structures also enco de v erb tense and other seman tically imp ortan t

information. Notice that the f-structure mak es explicit dep endencies that ma y

b e non-lo cal or only indirectly mark ed in the c-structure, and represen ts these

in a relativ ely language-indep enden t w a y . This giv es LF G the p o w er to pro vide

simple descriptions of phenomena suc h as crossed serial dep endencies, whic h

cannot b e describ ed using con text-free grammars (Bresnan et al., 1982; Shieb er,

1985; Kaplan and Zaenen, 1995).

An accoun t of language acquisition should explain ho w the prop erties that

di�eren tiate the language b eing learn t from other p ossible h uman languages are

acquired. Since one of the goals of this researc h is to determine the exten t

to whic h language learning can b e view ed as a statistical parameter estimation

problem, the restrictions or constrain ts imp osed on p ossible linguistic structures

should b e univ ersal, i.e., satis�ed b y all p ossible h uman languages. Th us the

set of candidate linguistic structures (whic h w e call 
 b elo w) should include

all structures p ossible in an y h uman language. Unfortunately , suc h \univ ersal

grammars" are not y et a v ailable: indeed, there are still ma jor conceptual issues
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to b e resolv ed b efore suc h a univ ersal grammar (for an y linguistic theory) can

b e constructed. Because of the lac k of an y reasonable candidate for a univ ersal

grammar, our computational exp erimen ts to date ha v e utilized grammars for

sp eci�c languages suc h as English (Johnson et al., 1999; Johnson and Riezler,

2000) and German (Riezler et al., 2000). Th us the statistical mo dels dev elop ed

in these exp erimen ts in e�ect learn ho w lik ely eac h grammatical linguistic struc-

ture of the particular language are: th us these mo dels are capable of in terpreting

and disam biguating phonological forms in comprehension, but do not directly

mo del language learning p er se.

3 Probabilit y distributions o v er linguistic struc-

tures

This section explains ho w w e de�ne a probabilit y distribution o v er a set of

p ossible linguistic structures 
. In a mo del of language learning, 
 should

b e the set of all structures that could app ear in an y h uman language, but for

mo dels of parsing of a single language w e tak e 
 to b e the set of grammatical

structures of that language. In either case, 
 is a coun tably in�nite set, ev en if

it is highly constrained b y innate, language-sp eci�c constrain ts.

The probabilit y distribution o v er 
 is de�ned in terms of a �nite v ector

of fe atur es f = ( f

1

; : : : ; f

m

), where eac h f

j

is a function mapping a linguistic

structure x 2 
 to a real n um b er f

j

( x ). (The term `feature' is used b oth in

statistics and linguistics; w e follo w the standard usage in statistics here, and

use the term `attribute' to refer to comp onen ts of attribute-v alue structures

or no de lab els). While the mathematics imp ose few constrain ts on what the

features can b e, w e generally tak e f

j

( x ) to b e the n um b er of times that a giv en

construction app ears in the linguistic structure x 2 
, whic h means that f

j

( x )

is a non-negativ e in teger.

The features can b e lexic alize d , i.e., they can mak e reference to a sp eci�c

w ords or w ord classes, but they need not b e. F or an example of a non-lexicalized

feature, let f

1

( x ) b e the n um b er of times that a direct ob ject immediately

precedes its go v erning v erb in x ; this is presumably almost alw a ys zero for

sen tences of English, but is often non-zero for a head-�nal language lik e German.

F or an example of a lexicalized feature, let f

2

( x ) is the n um b er of times the v erb

e at app ears with a direct ob ject in the structure x ; if this is close to n um b er

of times e at app ears in x then presumably e at is a primarily transitiv e v erb.

The selection of features is presumably an empirical linguistic issue (just as the

selection of constrain ts in an Optimalit y Theory grammar or of parameters in

a Principles and P arameters mo del are empirical issues).

In our exp erimen ts with probabilistic LF Gs w e use a wide v ariet y of fea-

tures (see Johnson et al. (1999) for a more detailed description). Inspired b y

probabilistic con text-free grammars, w e in tro duced a feature f

A

for eac h cate-

gory A that can lab el a c-structure no de, and de�ne f

A

( x ) to b e the n um b er

of times a no de lab elled A app ears in the c-structure of x . Additionally , the
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probabilistic LF Gs ev aluated b elo w used the follo wing kinds of features, whose

selection w as guided b y the principles prop osed b y Hobbs and Bear (1995).

Adjunct and argumen t features indicate adjunct and argumen t attac hmen t re-

sp ectiv ely , and p ermit the mo del to capture a general argumen t attac hmen t

preference. In addition, there are sp ecialized adjunct and argumen t features

corresp onding to eac h grammatical function used in LF G (e.g., subject, ob-

ject, complement, adjunct, etc.) There are features indicating b oth high

and lo w attac hmen t (determined 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 structures that seem particularly im-

p ortan t in the particular corp ora w e used in our exp erimen ts, suc h as a feature

iden tifying NPs that are dates (it seems that date in terpretations of NPs are

preferred if they are a v ailable).

Ideally w e w ould lik e to include lexical features directly in our exp erimen ts

to capture the dep endencies b et w een go v ernors and the heads of the phrases

that they go v ern, but w e did not ha v e enough training data to estimate these

directly in our exp erimen ts. Ho w ev er, probabilistic mo dels of suc h dep endencies

can b e constructed b y other means, and w e can include information from suc h

\auxiliary" mo dels in our mo del as follo ws (Johnson and Riezler, 2000; Riezler

et al., 2000). Supp ose w e ha v e an auxiliary mo del R whic h assigns a p ositiv e

n umerical preference score R ( x ) to eac h x 2 
. ( R migh t de�ne a probabilit y

distribution o v er 
, but need not). Then w e de�ne a new feature f

R

( x ) =

log R ( x ), and treat it otherwise just as another feature in our mo del. In e�ect,

the preference information from the auxiliary mo del R is treated as another

source of information that will b e tak en in to accoun t in the mo del w e construct.

This pro vides a general mec hanism whereb y a range of complex preferences

(p ossibly including innate ones) can b e included in a statistical mo del, whic h

generalizes the \reference distribution" approac h describ ed in Jelinek (1997).

W e no w explain ho w the probabilit y of a particular linguistic structure x is

de�ned in terms of its feature v alues f ( x ) = ( f

1

( x ) ; : : : ; f

m

( x )). While there are

man y w a ys in whic h this can b e done, w e use the class of lo g-line ar mo dels in

our researc h (Abney , 1997). W e justify our c hoice of log-linear mo dels after w e

ha v e explained ho w they are de�ned.

Giv en a set of linguistic structures 
 and a feature v ector ( f

1

; : : : ; f

m

), a

log-linear mo del is de�ned b y a p ar ameter ve ctor � = ( �

1

; : : : ; �

m

), where eac h

�

j

is a real n um b er. Informally , �

j

is the \w eigh t" assigned to the corresp onding

feature f

j

. If �

j

is p ositiv e then higher v alues of f

j

( x ) increase the probabilit y

of x , and if �

j

is negativ e then higher v alues of f

j

( x ) decrease the probabilit y

of x (assuming that the v alues of f

j

0

( x ) ; j

0

6= j sta y the same).

Mathematically , the probabilit y P

�

( X = x ) of x giv en the parameter v ector

� is de�ned as follo ws. W e de�ne the weight V

�

( x ) of x as the exp onen tial

of a linear com bination of the feature v alues of x , w eigh ted according to the

parameter v ector. (Th us the logarithm of V

�

( x ) is a linear com bination of the
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feature v alues, hence the name log-linear mo del).

V

�

( x ) = exp(

m

X

j =1

�

j

f

j

( x ))

A probabilit y distribution o v er linguistic structures 
 m ust satisfy the normal-

ization constrain t that the sum of probabilit y of the structures in 
 is 1, i.e.,

P

x 2 


P

�

( X = x ) = 1. W e cannot set P

�

( X = x ) = V

�

( x ) b ecause in general V

�

do es not satisfy the normalization constrain t. Ho w ev er, w e can mak e P

�

( X = x )

prop ortional to V

�

( x ) b y dividing the latter b y a normalization factor kno wn as

the p artition function Z

�

(the name comes from statistical ph ysics, whic h w as

the �rst ma jor application of log-linear mo dels).

Z

�

=

X

x 2 


V

�

( x ) (1)

P

�

( X = x ) =

V

�

( x )

Z

�

(2)

Unlik e probabilistic con text free grammars and related mo dels, log-linear mo dels

p ermit essen tially arbitrary dep endencies b et w een features, whic h mak es them

ideal for de�ning probabilit y distributions o v er linguistically realistic structures

(Abney , 1997). Additionally , there are information-theoretic reasons for prefer-

ring log-linear mo dels o v er other mo del classes. The class of log-linear mo dels

is also the class of maximum entr opy mo dels; roughly sp eaking, these are the

mo dels whic h con tain the minim um additional information o v er and ab o v e the

information con tained in the training data (see Jelinek (1997) for a textb o ok

in tro duction). Virtually all of the w ell-kno wn probabilistic mo dels of language

are sub classes of the class of log-linear mo dels (e.g., probabilistic con text-free

grammars, hidden Mark o v mo dels, etc.). Finally , ev en though one migh t sus-

p ect that the restriction to line ar com binations of the feature v alues is unduly

restrictiv e, b ecause no restrictions are placed on the features themselv es, w e can

de�ne a feature whic h is a nonlinear com bination of other features, so the class

of log-linear mo dels is m uc h less restrictiv e than it ma y �rst seem.

4 Learning grammars

The previous section describ ed ho w w e de�ne a log-linear probabilit y distribu-

tion o v er linguistic structures 
. W e no w turn to the problem of determining

the parameter v ector � from some observ ational data D . In our exp erimen ts

w e use maximum likeliho o d estimators (but see the discussion of regularization

in section 5). A maxim um lik eliho o d estimator selects a parameter v ector �

whic h mak es the data D as lik ely as p ossible, i.e., it ignores the prior term

and maximizes the log-lik eliho o d L

D

( � ) = log P( D j � ) of the training data in � .

Under v ery general conditions, maxim um lik eliho o d estimation is unbiase d (the
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Figure 2: Maxim um lik eliho o d estimation from fully observ ed (parsed) data

exp ected v alue of the parameter estimate is its true v alue), c onsistent (as the

size of the data gro ws, the estimated parameters con v erge on the true v alue) and

asymptotic al ly e�cient (there is no other estimation pro cedure whose parame-

ter estimates ha v e uniformly lo w er v ariance). F urther, giv en the indep endence

assumptions b elo w the maxim um lik eliho o d estimator for a log-linear mo del

selects the closest mo del to the training data distribution in terms of Kullbac k-

Leibler div ergence (an information-theoretic measure of the distance b et w een

t w o distributions).

More formally , supp ose that D consists of a sequence of ful ly observe d parses

D = ( x

1

; : : : ; x

n

) ; x

i

2 
. (\F ully observ ed" means that the learner has access

to the complete linguistic structures; w e consider the problem of learning from

phonological forms alone b elo w). W e mak e the standard statistical assumptions

that eac h observ ation x

i

is indep enden t of the other observ ations x

i

0

; i

0

6= i ,

and that eac h x

i

is iden tically distributed according to P

�

for some unkno wn

� (these assumptions are undoubtedly incorrect, but w e hop e that they are

appro ximately true). Giv en these assumptions, the lik eliho o d L

D

of the data D

and the corresp onding maxim um lik eliho o d estimate

^

� of � are:

L

D

( � ) =

n

Y

i =1

P

�

( X = x

i

) (3)

^

� = argmax

�

L

D

( � )

Figure 2 graphically depicts this maxim um lik eliho o d estimation. Informally ,

maxim um lik eliho o d estimation adjusts � to mak e the w eigh t V

�

( x

i

) of eac h

training datum as large as p ossible relativ e to the partition function Z

�

(the

sum of the w eigh ts of all linguistic structures 
).

It is straigh t forw ard to sho w that L

D

has a unique maxim um v alue, and

at this maxim um the exp ected v alue E

^

�

( f

j

) of eac h feature under the distribu-

tion P

^

�

is equal to its exp ected v alue under the \empirical distribution" of the

training data D , i.e.,:

E

^

�

( f

j

) =

1

n

n

X

i =1

f

j

( x

i

) ; j = 1 ; : : : ; m:

Th us maxim um lik eliho o d estimation selects a parameter v ector

^

� so that the

exp ected v alue of eac h feature under the estimated distribution P

^

�

is the same
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Figure 3: Maxim um lik eliho o d estimation from partially visible (phonological

form) data

as the a v erage v alue of that feature in the training data, whic h in tuitiv ely seems

to b e a reasonable thing to do.

No w w e turn to the case where the training data is p artial ly hidden and

consists of phonological forms alone, i.e., D

0

= ( w

1

; : : : ; w

n

), where eac h w

i

is

a phonological form (here tak en to b e a string of w ords). In this situation the

training data do es not uniquely iden tify the linguistic structure corresp onding

to eac h phonological form w

i

; all w e kno w is that it lies somewhere inside the

set 
( w

i

) = f x : W ( x ) = w

i

g of linguistic structures whose phonological form

is w

i

. Making the same indep endence assumptions as b efore, the lik eliho o d L

0

D

0

of the data D

0

is no w a pro duct of the marginal probabilit y of eac h w

i

, where

the marginal probabilit y of w is the sum of the probabilit y of eac h x 2 
( w ).

P

�

( W = w ) =

X

x 2 
( w )

P

�

( X = x )

L

0

D

0

( � ) =

n

Y

i =1

P

�

( W = w

i

) (4)

^

� = argmax

�

L

0

D

0

( � )

Figure 3 graphically depicts the quan tit y b eing maximized during estimation

from phonological forms alone. Notice that the maxim um lik eliho o d estimator

selects the � that places maxim um w eigh t on the 
( w

i

) as compared to the

whole of 
.

There is a standard tec hnique kno wn as the Exp e ctation-Maximization (EM)

algorithm whic h reduces the optimization required in maxim um lik eliho o d es-

timation from partially hidden data to a series of optimizations of the kind

in v olv ed in maxim um lik eliho o d estimation from fully visible data (Dempster,

Laird, and Rubin, 1977). The tec hnique requires an initial guess �

(0)

of the

parameter v ector as w ell as the partially observ ed data D

0

, and it pro duces a

sequence of estimates �

(1)

; �

(2)

; : : : . This sequence has the prop ert y that eac h

additional estimate t ypically increases, and pro v ably do es not decrease, the lik e-

liho o d of the partially observ ed data, i.e., L

0

D

0

( �

( k +1)

) � L

0

D

0

( �

( k )

). Informally ,

the tec hnique in v olv es treating eac h partial observ ation w

i

as a set of fully ob-

serv ed data consisting of eac h x 2 
( w

i

), with eac h full observ ation x w eigh ted

according to P

�

( k )

( x ), where �

( k )

is the estimate of � at the k th iteration. Th us
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EM \pa ys most atten tion to" the x 2 
( w

i

) that its curren t estimate of � assigns

the highest probabilit y to.

Unlik e the fully visible case, there is no guaran tee that the lik eliho o d function

for partially hidden data has only a single lo cal maxim um, and the EM algo-

rithm can get \trapp ed" in suc h lo cal maxima. Indeed, there is no guaran tee

that estimation is p ossible at all: the parameter v ector � ma y simply b e non-

identi�able from the kind of data a v ailable. F or example, it is logically p ossible

that univ ersal grammar p ermits t w o di�eren t languages with exactly the same

marginal distribution o v er phonological forms, ev en though the t w o languages

asso ciate eac h phonological form with di�eren t seman tic in terpretations.

5 Pseudo-lik eliho o d estimation

The previous section in tro duced maxim um lik eliho o d estimation of � for b oth

fully visible and partially hidden data. Unfortunately , it seems that directly

maximizing the lik eliho o d (3) is computationally infeasible ev en for fully visible

data (and since the EM tec hnique reduces the partially hidden data case to

the fully visible data case, it to o is infeasible). The standard algorithms for

maximizing this lik eliho o d are iterativ e, and require the calculation of the ex-

p ected v alue of eac h feature E

�

( f

j

) for a v ariet y of di�eren t parameter v ectors

� (see Berger, Della Pietra, and Della Pietra (1996) and Jelinek (1997) for an

in tro duction to these algorithms). Informally , the cause of the infeasibilit y is

that maxim um lik eliho o d estimation requires us to select the parameter v ector �

that maximizes the w eigh t V

�

( x

i

) on the observ ed datum x

i

relativ e to the sum

Z

�

of the w eigh ts on al l p ossible linguistic structures x 2 
 (see Figure 2 and

equations 1, 2 and 3). Because 
 is in�nite, w e cannot calculate the partition

function Z

�

or the feature exp ectations E

�

( f

j

) b y directly en umerating 
. In-

deed, ev en calculating the probabilit y P

�

( X = x ) of a single linguistic structure

x seems infeasible, since it to o crucially in v olv es Z

�

(see equation 2).

If 
 and the feature v ector f ha v e a suitably simple structure, then it ma y

b e the case that Z

�

and E

�

( f

j

) can b e calculated analytically . F or example, if 


is the set of trees generated b y a con text free grammar and the feature f

i

maps

an x 2 
 to the n um b er of times the i th pro duction is used in a deriv ation of

x , then Z

�

and E

�

( f

j

) can b e calculated without an explicit en umeration of 


(Abney , McAllester, and P ereira, 1999; Chi, 1999). Ho w ev er, this calculation

dep ends crucially on the con text free or Mark o vian indep endence prop erties of

Probabilistic Con text F ree Grammars. It seems that suc h con text free systems

cannot describ e the true set 
 of p ossible linguistic structures (Shieb er, 1985),

y et these con text free prop erties are what mak es the direct calculation of Z

�

and E

�

( f

j

) feasible. Indeed, precisely b ecause the Lexical F unctional Grammars

used in this researc h are capable of capturing the non-lo cal, con text-sensitiv e

dep endencies of natural language, the metho ds that can b e used to calculate Z

�

and E

�

( f

j

) for PCF Gs do not extend to LF Gs.

Nev er the less, w e b eliev e that there ma y b e tec hniques for calculating or ap-

pro ximating Z

�

for LF Gs that a v oid explicit en umeration. Abney (1997) p oin ts

9



out that E

�

( f

j

) can b e appro ximated using Mon te Carlo sampling tec hniques

that do not en umerate all of 
. While this is in principle correct, a \bac k of

the en v elop e" calculation suggests that the particular Hastings Metrop olis sam-

pling sc heme that Abney prop oses is computationally impractical for all but

small grammars (see Johnson et al. (1999) for further discussion).

Ho w ev er, note that the full join t distribution o v er phonological forms and

their parses is not actually required for natural language pro cessing tasks. F or

example, as explained ab o v e, comprehension and parsing only requires the c on-

ditional distribution P( X j W ) of linguistic structures giv en their phonological

forms. Crucially , estimating these conditional distributions is often computa-

tionally feasible, ev en though estimation of the join t distribution is infeasible.

Consider the case where the data is fully observ ed: D consists of parses

D = ( x

1

; : : : ; x

n

) ; x

i

2 
 as ab o v e. Eac h parse is asso ciated with a phonological

form w

i

= W ( x

i

). Making the same indep endence assumptions as b efore, the

conditional lik eliho o d or pseudo-likeliho o d PL

D

of the data D and the corre-

sp onding maxim um lik eliho o d estimate

^

� of � are:

Z

�

( w ) =

X

x 2 
( w )

V

�

( x )

P

�

( X = x j W = w ) =

V

�

( x )

Z

�

( w )

PL

D

( � ) =

n

Y

i =1

P

�

( X = x

i

j W = w

i

) (5)

^

� = argmax

�

PL

D

( � )

Whereas the lik eliho o d L

D

is a pro duct of (unconditional) probabilities (3),

the pseudo-lik eliho o d PL

D

is a pro duct of conditional probabilities (5). Ulti-

mately , pseudo-lik eliho o d di�ers from lik eliho o d in that pseudo-lik eliho o d only

in v olv es Z

�

( w ) in place of the infeasible Z

�

in the lik eliho o d. It is straigh t

forw ard to sho w that at the maxim um of (5), the sum of the conditional exp ec-

tations of eac h feature m ust b e same as the sum of their empirical v alues, where

E

�

( f j W ) is the exp ectation of f with resp ect to the conditional distribution

P

�

( X j W ):

n

X

i =1

E

^

�

( f

j

j W = w

i

) =

n

X

i =1

f

j

( x

i

) ; j = 1 : : : m:

Mo ving to pseudo-lik eliho o d mak es a crucial di�erence in the kinds of exp ec-

tations that m ust b e computed in the standard algorithms for maximizing � ;

they no w in v olv e the generally feasible conditional exp ectations E

�

( f

j

j W ) rather

than the infeasible unconditional exp ectations E

�

( f

j

).

It turns out that this idea of directly estimating a conditional distribution

(rather than the join t) has b een indep enden tly disco v ered at least t wice. Besag

(1975), who coined the name `pseudo-lik eliho o d', uses it in a computational vi-

sion setting in whic h one part of an image serv es as the conditioning en vironmen t
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Figure 4: Maxim um pseudo-lik eliho o d estimation from fully observ ed data

for another part of the image (here, the phonological form corresp onds to one

part of the linguistic structure, and ev erything else in the structure corresp onds

to the other part). Berger, Della Pietra, and Della Pietra (1996) and Jelinek

(1997) b oth describ e optimizations in their algorithms whic h replace join t prob-

abilities with conditional probabilities in exactly the manner describ ed here

(but they do not ac kno wledge that this means they are estimating a conditional

rather than a join t distribution).

Figure 4 graphically depicts maxim um pseudo-lik eliho o d estimation. In-

formally , maxim um pseudo-lik eliho o d estimation adjusts � to mak e the w eigh t

V

�

( x

i

) of eac h training datum as large as p ossible relativ e to Z

�

( w

i

), i.e., the

sum of the w eigh ts of all parses 
( w

i

) of the phonological form w

i

. As re-

mark ed earlier, 
( w

i

) is �nite and of managable size for LF Gs, so Z

�

( w

i

) and

the conditional exp ectations required for maximizing the pseudo-lik eliho o d can

b e calculated using direct en umeration of 
( w

i

).

While pseudo-lik eliho o d estimation is consisten t for the c onditional distribu-

tion , it is not hard to see that maximizing PL

D

will not alw a ys correctly estimate

the join t P

�

( X ) (Chi, 1998). Supp ose there is a feature f

j

whic h dep ends solely

on the phonological form W ( x ) of a linguistic structure x , i.e., f

j

( x

0

) = f

j

( x )

for all x 2 
 and x

0

2 
( W ( x )); w e call suc h features pseudo-c onstant . (F or

an example of a pseudo-constan t feature, let f

j

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

w ord e at o ccurs in x ). If f

j

is pseudo-constan t, then it is easy to sho w that

the pseudo-lik eliho o d do es not dep end on the v alue of the parameter �

j

asso-

ciated with f

j

, so maxim um pseudo-lik eliho o d estimation pro vides no basis for

c ho osing a v alue for �

j

. In fact, in this case any v alue of �

j

giv es the same

conditional distribution P

�

( X j W ), so �

j

is irrelev an t to the problem of c ho osing

go o d parses.

Informally , the relationship b et w een maxim um lik eliho o d and pseudo-lik eliho o d

estimation is the same as the relationship b et w een the join t P( X ; W ) and the

conditional P( X j W ), whic h are related b y the marginal P( W ):

P( X ; W ) = P( X j W ) P( W ) :

The parameter v ectors estimated b y maxim um lik eliho o d estimation mo del the

join t; they describ e b oth the conditional distribution of parses giv en phonologi-

cal forms as w ell as the marginal distribution of phonological forms P( W ), while

pseudo-lik eliho o d estimation fo cuses on the conditional P( X j W ) and ignores the

marginal.

11



In terestingly , from a cognitiv e mo dularit y p ersp ectiv e, the conditional and

the marginal distributions seem to corresp ond to t w o di�eren t kinds of informa-

tion. As noted ab o v e, the conditional distribution P( X j W ) is precisely the in-

formation required for disam biguation in sen tence comprehension, whic h seems

to b e purely linguistic kno wledge. The marginal distribution P( W ), on the

other hand, describ es the distribution of phonological forms, whic h seems to

in v olv e w orld kno wledge and con textual information at least as m uc h as it in-

v olv es linguistic kno wledge. Th us pseudo-lik eliho o d estimation ma y b e more

compatible with a mo dular view of language, since it seems to fo cus on more

purely linguistic kno wledge than do es maxim um lik eliho o d estimation.

W e no w brie
y describ e some of the more practical details of pseudo-lik eliho o d

estimation. 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 corpus of training data. One particularly troublesome manifesta-

tion of o v er �tting results from the existence of features whic h, relativ e to the

training data, w e call \pseudo-maximal". A feature f is pseudo-maximal for a

phonological form w if and only if for all x

0

2 
( w ) f ( x ) � f ( x

0

) where x is

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

is greater than or equal to its v alue on an y other parse of w . Pseudo-minimal

features 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 as-

signed a zero conditional probabilit y .

Of course, a feature whic h is pseudo-maximal o v er a �nite training corpus

is not necessarily pseudo-maximal for all phonological forms in those language.

This is an instance of o v er �tting, and it can b e addressed, as is customary ,

b y adding to the ob jectiv e function a r e gularization term that promotes small

v alues of � . In Johnson et al. (1999) w e added a quadratic to the log pseudo-

lik eliho o d, whic h corresp onds to m ultiplying the pseudo-lik eliho o d itself b y a

normal distribution. Sp eci�cally , w e m ultiplied the pseudo-lik eliho o d b y a zero-

mean normal in � 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

data. Th us instead of c ho osing

^

� to maximizing the pseudo-lik eliho o d (5), in the

exp erimen ts rep orted in Johnson et al. (1999) and Johnson and Riezler (2000)

w e actually selected

^

� to maximize:

log PL

D

(

^

� ) �

m

X

j =1

�

2

j

2 �

2

j

(6)

In terestingly , this w a y of regularizing has a Ba y esian in terpretation. In Ba y esian

estimation one seeks a parameter v ector � that maximizes the p osterior pr ob a-

bility P( � j D ) of the parameter v ector � giv en the training data D . According to

Ba y es theorem, this can b e done b y maximizing the pro duct of the prior pr ob a-
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Figure 5: A straigh t forw ard application of maxim um pseudo-lik eliho o d estima-

tion from partially visible (phonological form) data fails

bility P( � ) of the parameter v ector and the lik eliho o d P( D j � ) of the data giv en

the parameter v ector. If one sets the prior probabilit y P( � ) to b e prop ortional to

exp( �

P

m

j =1

�

2

j

= 2 �

2

j

) and mak es the same indep endence assumptions concerning

the data as ab o v e, then it is p ossible to sho w that the Ba y esian estimate for �

is precisely the � that maximizes (6).

In these exp erimen ts, the set of p ossible linguistic structures 
 w as de�ned

b y a hand-written LF G for English, whic h w as sp eci�cally designed at Xero x

P ar c to generate the sen tences in t w o corp ora of business app oin tmen t dialogs

and \Homecen ter" prin ter/copier do cumen tation, consisting of 500 and 1000

parsed sen tences resp ectiv ely . Ev en though the grammar included all standard

linguistic constrain ts, the sen tences in the corp ora w ere often highly am biguous,

with an a v erage of 8 parses p er sen tence. The training data consisted of the

correct parse for eac h sen tence (whic h w as iden ti�ed man ually) together with

the set of all alternativ e (i.e., incorrect) parses of the sen tence generated b y

the grammar. Using a cross-v alidation framew ork, w e sho w ed that a mo del

trained b y maxim um pseudo-lik eliho o d correctly disam biguated appro ximately

58% of the am biguous test sen tences, whereas a mo del that treated eac h parse

as equally lik ely w ould correctly disam biguate only 25% of the am biguous test

sen tences.

W e no w turn to the more realistic situation (in terms of language acquisition)

where the training data consists of phonological forms alone. Whereas maxi-

m um lik eliho o d estimation from partially visible data is conceptually straigh t

forw ard|one adjusts � to maximize the lik eliho o d of the phonological forms that

constitute the training data D |it turns out that a similiar approac h based on

pseudo-lik eliho o d fails. Sp eci�cally , conditioning the marginal P( W = w

i

) in the

lik eliho o d (4) on the phonological form results in a constan t-v alued lik eliho o d

that do es not v ary with � or D , so estimation fails.

In tuitiv ely , the problem is that w e are trying to maximize the sum of the

w eigh ts V

�

( x ) placed on the x 2 
( w

i

) relativ e to the sum of the w eigh ts of

exactly the same set 
( w

i

), as depicted in Figure 5. Standard maxim um lik eli-

ho o d estimation from partially visible data (as p erformed b y the EM algorithm)

maximizes the sum of the w eigh ts placed on 
( w

i

) relativ e to the sum Z

�

of the

w eigh ts placed on all p ossible linguistic structures 
.

W e noted earlier that maxim um lik eliho o d estimation is infeasible b ecause

the partition function Z

�

and the exp ectations E

�

( f

j

) in v olv e summing o v er all
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Figure 6: An conditional approac h to estimation from partially visible (phono-

logical form) data

p ossible linguistic structures 
. In Riezler et al. (2000) w e dev elop ed a metho d

for maxim um lik eliho o d estimation from partially visible data that exploits a

conditional appro ximation to Z

�

and E

�

( f

j

) in whic h w e replace the summation

o v er 
 with a summation o v er the �nite set 
( D

0

) consisting of all p ossible parses

of the phonological forms that constitute the training data D

0

= ( w

1

; : : : ; w

n

).

More precisely , the lik eliho o d function L

00

D

0

maximized in these exp erimen ts is:


( D

0

) =

n

[

i =1


( w

i

)

Z

�

( D

0

) =

X

x 2 
( D

0

)

V

�

( x )

P

�

( W = w j W 2 D

0

) =

Z

�

( w

i

)

Z

�

( D

0

)

L

00

D

0

( � ) =

n

Y

i =1

P

�

( W = w

i

j W 2 D

0

)

Figure 6 depicts the lik eliho o d function that this conditional approac h max-

imizes. Unlik e with standard maxim um lik eliho o d estimation, computation of

the conditional partition function Z

�

( D

0

) and the corresp onding exp ectations

is feasible. The conditional approac h can b e view ed as a v ersion of pseudo-

lik eliho o d in the follo wing w a y . Recall the k ey idea b ehind pseudo-lik eliho o d:

namely , that one can de�ne a lik eliho o d function b y conditioning one part of

the structure on another part of that structure. In pseudo-lik eliho o d estimation

from fully visible (parsed) data w e tak e eac h sen tence to b e an observ ation and

condition eac h linguistic structure on its phonological form. In this conditional

approac h, w e tak e the en tire data set D

0

to b e an observ ation, and condition

eac h phonological form on the fact that it o ccured in D

0

.

Since the ab o v e describ ed estimation pro cedure do es not require man ually

annotated data for training but merely data consisting of phonological forms

alone, large sets of training data can easily b e pro vided. In our exp erimen ts

w e parsed a large corpus of newspap er text with a German LF G grammar (de-

v elop ed in the P arGram pro ject at the Univ ersit y of Stuttgart), and extracted

all parses for sen tences whic h w ere assigned at most 20 parses b y the gram-
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mar. This resulted in a training corpus of appro ximately 36,000 sen tences and

250,000 parses. The rationale b ehind the emplo y ed restriction of the am biguit y

of the training data is to simplify the estimation problem b y restricting the

en trop y of the distribution o v er the training parses. A further attempt to reg-

ularize the estimation pro cedure is an initial regularization of parameter v alues

with the e�ect of fo cussing the searc h in maximization on a prop er subspace of

the parameter space. T ogether, these regularization tec hniques serv e to mak e

EM a manageable estimation to ol for highly precise statistical disam biguation.

An ev aluation of disam biguation p erformance on LF G parsed newspap er sen-

tences with on a v erage 25 parses p er sen tence sho w ed the follo wing results: The

task of matc hing full c/f-structure pairs to the man ually selected pair could

b e p erformed correctly in o v er 60% of the test cases; a disam biguation of the

predicate-argumen t structures of the parses of the test sen tences (whic h is su�-

cien t for man y application purp oses) could b e p erformed correctly in o v er 90%

of test cases.

6 Conclusion and further directions

Because log-linear mo dels mak e no assumptions ab out relationships b et w een

features, they pro vide a general framew ork for de�ning probabilit y distributions

o v er linguistic structures from virtually an y linguistic theory (Abney , 1997).

Maxim um lik eliho o d estimation is an optimal metho d for estimating the param-

eter v ectors for suc h mo dels from data, but precisely b ecause log-linear mo dels

are so general, maxim um lik eliho o d estimation is t ypically computationally in-

feasible b ecause it requires us to calculate exp ectations o v er all p ossible linguis-

tic structures. This lead us to dev elop tec hniques based on pseudo-lik eliho o d

(Besag, 1975) for estimating parameter v ectors from fully visible (parsed) data

(Johnson et al., 1999; Johnson and Riezler, 2000) and partially visible (phono-

logical form) data (Riezler et al., 2000).

This w ork is still in its infancy , and man y in teresting a v en ues remain to

b e explored. W e b eliev e there is in teresting empirical linguistic researc h to b e

done in in v estigating the trade-o� b et w een the \hard" grammatical constrain ts

incorp orated in the grammar that determines 
 and the \soft" preferences that

can b e enco ded using features f

j

in the statistical mo del. The grammars w e

used in our exp erimen ts w ere not written with our statistical mo dels in mind,

and w e migh t obtain a more robust system with broader co v erage b y remo ving

some of the grammatical constrain ts from the grammar and re-expressing them

as features in the statistical mo del.

T urning to more mathematical issues, it w ould b e v aluable to in v estigate

other w a ys for estimating the partition function and the exp ectations required

for maxim um lik eliho o d estimation from b oth parsed and phonological form

data. T ec hniques for appro ximating these quan tities ha v e b een dev elop ed in

other �elds (e.g., mean �eld appro ximations), and it ma y b e p ossible to apply

them in computational linguistics as w ell (Saul and Jordan, 1999).

A problem left unaddressed in our applications is e�cien t searc hing for most
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probable parses. This question b ecomes crucial if higher co v erage is desired and

traded in for more sup er�cial parses and for higher am biguit y . Clearly , for suc h

cases it is desirable to adapt tec hniques suc h as Viterbi's algorithm (Viterbi,

1967) to searc hing e�cien tly for most probable parses in probabilistic LF G

grammars. Here a closer lo ok at generalized dynamic-programming tec hniques

as dev elop ed for graphical mo dels (F rey , 1998) seems promising.

Finally , w e b eliev e that there ma y b e other w a ys of applying pseudo-lik eliho o d

to language learning b esides the w a ys describ ed in this pap er. The pseudo-

lik eliho o d estimation approac h from visible (parsed) data it seems highly un-

realistic in one resp ect: suc h a learner le arns nothing fr om unambiguous sen-

tenc es in its training data, ev en though suc h sen tences are in tuitiv ely most

informativ e of all. This is b ecause the pseudo-lik eliho o d w e used conditioned

on phonological form; i.e., P( X j W ). Supp ose instead w e adopt a \generation-

orien ted" pseudo-lik eliho o d, where w e condition on the seman tic in terpretation

S ( x ) of eac h linguistic structure x , so the lik eliho o d is the pro duct of terms

P( X = x

i

j S = s

i

). Suc h a learner w ould learn from eac h sen tence in its train-

ing data whose seman tic in terpretation can b e expressed in more than one w a y

univ ersally .
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