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1 In tro duction

This paper summarizesour recent work in developing statistical models of lan-
guagewhich are compatible with the kinds of linguistic structures posited by
current linguistic theories. Unlike most work in statistical computational lin-
guistics, we are interested in models which are capable of capturing the kinds
of non-local context-sensitive dependenciescaptured by modern theoriesof syn-
tax. In a seriesof papers we have developed tools for estimating or \learning"
such models from data (Johnsonet al., 1999;Johnsonand Riezler, 2000;Riezler
et al., 2000) and this paper provides a high-level overview of both the general
approach and the methods we developed; however, the reader should refer to
the original papers for full details and experimental results.

The goal of this work is to understand how human languagecan be learnt
and usedin comprehensionand generation. Theseinvestigationsare couched in
a statistical framework becausewethink that much of languagelearning and use
involvesweighing weak, unreliable cues. Humans seemexquisitely sensitive to
frequency information. In psycholinguistics, lexical frequency e�ects are often
stronger than purely non-lexical syntactic phenomena,and researchers in the
�eld of languageacquisition note that children can detect prosodic cuesthat are
often (but not always) correlated with syntactic structure. In languagecompre-
hension, there are prosodic and lexical cueswhich are weakly correlated with
syntactic structure or semantic interpretation, and it seemsreasonableto ex-
pect human languageusersto exploit theseregularities. Turning to theoretical
results on learning, it seemsthat statistical learnersmay be more powerful than
non-statistical learners. For example, while Gold's famous results showed that
neither �nite state nor context free languagescan be learnt from positive exam-
plesalone(Gold, 1967), it turns out that probabilistic context free languagescan
be learnt from positive examplesalone (Horning, 1969). Informally , a classof
languagesmay be statistically learnableeven though its categoricalcounterpart
is not becausethe statistical learning framework makes stronger assumptions
about the training data (i.e., it is distributed according to someprobabilistic
grammar from the class)and acceptsa weaker criterion for successfullearning
(convergencein probabilit y).

Our statistical approach requiresthat the spaceof possiblehuman languages
be described in terms of a �nite dimensional parameter space. In this respect
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our approach is similiar to the \Principles and Parameters" approach (Chomsky,
1981), except that our parameters are real-valued rather than binary-valued.
Clearly, the requirement that all human languagescan be described in such
terms implies that there are innate constraints on possiblehuman languages.In
principle our statistical learning methods can be applied to highly constrained
models with a small number of parameters (which would presumably have to
be very abstract) as well as to very generalmodels with a very large number of
parameters. In this senseour approach is agnostic concerningthe nature of the
innate constraints. As we explain below, we believe that statistical approaches
to languagelearning provide a general theoretical framework in which diverse
models of learning can be investigated empirically, which we expect will be far
more interesting than philosophical speculation.

Our adoption of a statistical approach doesnot meanthat we claim that hu-
mans are actually performing numerical calculations during languagelearning
or languageuse. Indeed, in our exeriments we are often comparing vastly dif-
ferent probabilities that vary by several orders of magnitude, so high precision
numerical calculation might not be necessary. It may turn out that one can
obtain similiar results by classifying events along a �nite ordinal scale,say, as
\lik ely", \unlik ely" or \imp ossible". Even if this can be done,however, we claim
that statistics still plays a foundational role in the study of languagelearning
and use, since statistics provides the basic mathematical theory of inference
from uncertain data. As such, it provides the theory of optimal learners and
optimal comprehenders(optimal in an information-theoretic sense)which serve
as idealizations of, and upper bounds to, human performance. If an optimal
statistical learner fails to learn a languagegiven certain kinds of inputs (say,
phonological forms alone) under certain assumptionsabout universal grammar,
then we can be fairly certain that human beings either have accessto richer
data or have stronger biasesthat restrict the classof possiblegrammars.

Even though our emphasisin this paper is scienti�c, we would like to point
out that this research has important technological applications. Unlike many
of the models usedin current statistical computational linguistics, the kinds of
grammarswe are working with, Lexical Functional Grammars, provide detailed
syntactic and semantic descriptions of the sentencesof the language. This kind
of detailed description is essential if computers are to perform tasks that re-
quire a deeper and more detailed \understanding" of natural languagethan the
current super�cial models permit.

An immediate goal of this research is to �nd a way of de�ning probabilit y
distributions over linguistically realistic structures in a way that permits us to
de�ne language learning and languagecomprehensionas statistical problems,
and the rest of this paper concentrates on these questions. The next section
describes the linguistic theory, Lexical-Functional Grammar, which de�nes the
linguistic structures usedin this research, and the following sectionexplainshow
we de�ne a probabilit y distribution over these structures. Section 4 describes
how onecan learn the parametersthat de�ne probabilit y distributions over these
structures in principle, and points out someof the practical problemsthat make
straight-forward ways of estimating thesedistributions infeasible. This leadsus
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to the \pseudo-likelihood" estimation methods described in section 5, which
also raise interesting questions concerning the nature of the data available to
the child and modularit y of languagelearning and processing.

2 Lexical-functional grammar

This research di�ers from most work in statistical computational linguistics in
that it is compatible with and builds on the results of modern linguistic theory.
While our approach is compatible with virtually all existing theories of gram-
mar (including transformational grammar and minimalist grammars), we have
adopted the framework and structures of Lexical-Functional Grammar (LFG)
in our research. LFG has several properties that make it especially well-suited
for research involving linguistically-orien ted probabilistic grammars. The for-
mal de�nition of LFGs and the structures they generate is clear and precise
(Kaplan, 1995), and LFG provides simple, cleandescriptions of a wide rangeof
typologically diverse linguistic phenomena(Bresnan, 1982). Recent linguistic
work integrating Optimalit y-theory with LFG helps to identify features that
are likely to be useful in the probabilistic models discussedin the next sec-
tion (Bresnan, 1998; Johnson, 1998). Equally important, the LFG framework
outlines all of the components of grammar and there are existing, reasonably
comprehensive, LFGs for languagessuch as English and German. There is also
a substantial amount of existing computational research on LFG, including on
e�cien t parsing with large grammars (Maxwell I I I and Kaplan, 1993), which
we exploit in our research.

An LFG structure of a sentenceconsistsof a small number of distinct compo-
nents, such as the phonological structure, the syntactic structure, the semantic
interpretation, etc. Unlike linguistic theories such as HPSG (Pollard and Sag,
1987;Pollard and Sag,1994), thesecomponents are heterogeneous,permitting
the \natural" data-structures for each component to be used (e.g., syntactic
structures are trees, semantic interpretations are represented by terms from the
� -calculus, etc.).

To keep things simple in this paper, however, we will only use a subset of
thesecomponents and simplify them where appropriate. For example, we take
the phonological component of a sentence to be just a string of words, and ig-
nore prosody and other phonological details. Similarly, we take the semantic
interpretation of a sentence to be its predicate-argument structure (roughly,
\who did what to whom"), and ignore mood, tense, etc. We make extensive
use of two components in this paper. The constituent or c-structure of a sen-
tence shows the temporal arrangement of words, phrasesand clausesorganized
as a tree structure. The functional or f-structure of a sentence is an attribute-
value structure that shows the grammatical function relationships between the
phrasesand clausesof a sentence, abstracting away from details of linear or-
der. The particular grammatical function relationship involved (e.g., subject,
object, etc.) is represented by the attribute name, and f-structures also en-
code the argument-adjunct distinction. Although it probably deserves to be a
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Figure 1: The c-structure and the f-structure for the English sentence Sandy
wants to drink wine.

component in its own right, for simplicit y we follow early work in LFG that
encodes the predicate-argument structure of a phrase or sentence as the value
of the predica te attribute in an f-structure. Figure 1 depicts the c-structure
and f-structure of the English sentence Sandy wants to drink wine.

Oneof the reasonsfor adopting an attribute-v aluerepresentation of f-structure
in LFG is that such structures can describe the multiple functional roles that a
singleconstituent can play in a singlesentence. For example, in Sandywants to
drink wine the NP Sandy functions both as the subject of both the verb wants
and the verb drink (cf., Sandy wants Sam to drink wine). This is indicated by
a re-entrancy in the f-structure, depicted by the sharedindex \ 1 " in Figure 1.

Similiar re-entrancies are usedto indicate the functional roles played in rel-
ative clausesand wh -questions, where a functional dependency may span an
unbounded distance in the constituent structure. For example, in the question
Which bottle did Sandywant Samto open?, the wh -phrasewhich bottle functions
as the object of the verb open even though the two elements are discontinuous
in c-structure terms. As explained in section 3, lexical dependenciesbetween
governor-governeepairs play an important role in our probabilistic model, and
their explicit representation in LFG's f-structure makesthe construction of our
probabilistic model much easier. (As far as we can tell, becauseother cur-
rent stochastic parsing models compute such lexical dependenciesdirectly from
c-structure, they tend to ignore most of the more complicated casesof depen-
dencies).

F-structures also make explicit other important linguistic information. For
example, the f-structure in Figure 1 encodes person and number features on
noun phrases(important for subject-verb and pronoun agreement); although not
shown here,f-structures alsoencodeverb tenseand other semantically important
information. Notice that the f-structure makesexplicit dependenciesthat may
be non-local or only indirectly marked in the c-structure, and represents these
in a relatively language-independent way. This givesLFG the power to provide
simple descriptions of phenomenasuch as crossedserial dependencies,which
cannot be describedusing weaker, purely tree-basedapproachessuch ascontext-
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free grammars (Bresnan et al., 1982;Shieber, 1985;Kaplan and Zaenen,1995).
To be well-formed, an LFG linguistic structure must satisfy certain con-

straints. Some of these constraints ensure the consistency of the component
structures; e.g., that the words of the phonological structure are (by and large)
the same as the words in the syntactic structure. In a conventional (non-
stochastic) LFG for a particular language, other language-speci�c constraints
are also imposed,which force the structure to be grammatical in that language.
For example,a conventional LFG for English might imposethe constraint that
a direct object NPs follow their governing verbs or prepositions, yielding famil-
iar English SVO word order, whereasa corresponding LFG for German would
imposedi�eren t word order constraints that permit SOV word order.

An account of languageacquisition should explain how the properties that
di�eren tiate the languagebeing learnt from other possiblehuman languagesare
acquired. Since one of the goals of this research is to determine the extent
to which languagelearning can be viewed as a statistical parameter estimation
problem, the restrictions or constraints imposedon possiblelinguistic structures
should be universal, i.e., satis�ed by all possiblehuman languages. Thus the
set of candidate linguistic structures (which we call 
 below) should include
all structures possible in any human language. (This desideratum also applies
to Optimalit y-theory versions of LFG). Unfortunately , such \univ ersal gram-
mars" are not yet available: indeed, there are still major conceptual issuesto
be resolved before such a universal grammar (for any linguistic theory) can be
constructed. For example,what is the nature of the lexicon in a universalgram-
mar? Since a universal grammar should by de�nition be able to generateany
linguistic structure from any possiblehuman language,and sincetheselinguistic
structures include arbitrary lexical details (e.g., phonological forms and seman-
tic intepretations), it would seemthat a universal grammar must be capable
of generating an in�nite number of (possible) lexical items. While this is not
incompatible with a �nite universal grammar (since the lexicon could itself be
speci�ed by a generative process), the nature of the universal constraints on
possiblelexical entries seemslargely unexplored.

Becauseof the lack of any reasonablecandidate for a universal grammar,
our computational experiments to date have utilized grammars for speci�c lan-
guagessuch as English (Johnson et al., 1999; Johnson and Riezler, 2000) and
German (Riezler et al., 2000). Thus the statistical models developed in these
experiments in e�ect learn how likely each grammatical linguistic structure of
the particular languageare: thus these models are capableof interpreting and
disambiguating phonological forms in comprehension,but do not directly model
languagelearning per se.
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3 Probabilit y distributions over linguistic struc-
tures

This section explains how we de�ne a probabilit y distribution over a set of
possible linguistic structures 
. In a model of language learning, 
 should
be the set of all structures that could appear in any human language,but for
a model of parsing of a single language one might take 
 to be the set of
grammatical structures of that language. Note that in either of these cases,

is a countably in�nite set, even if it is highly constrained by innate, language-
speci�c constraints.

The probabilit y distribution over 
 is de�ned in terms of a �nite vector
of features f = (f 1; : : : ; f m ), where each f j is a function mapping a linguistic
structure x 2 
 to a real number f j (x). (The term `feature' is used both in
statistics and linguistics; we follow the standard usagein statistics here, and
use the term `attribute' to refer to components of attribute-v alue structures
or node labels). While the mathematics impose few constraints on what the
featurescan be, we generally take f j (x) to be the number of times that a given
construction appears in the linguistic structure x 2 
, which meansthat f j (x)
is a non-negative integer.

The features can be lexicalized, i.e., they can make referenceto a speci�c
words or word classes,but they neednot be. For an exampleof a non-lexicalized
feature, let f 1(x) be the number of times that a direct object immediately
precedesits governing verb in x; this is presumably almost always zero for
sentencesof English, but is often non-zerofor a head-�nal languagelikeGerman.
For an exampleof a lexicalized feature, let f 2(x) is the number of times the verb
eat appears with a direct object in the structure x; if this is close to number
of times eat appears in x then presumably eat is a primarily transitiv e verb.
The selectionof features is presumably an empirical linguistic issue(just as the
selection of constraints in an Optimalit y Theory grammar or of parameters in
a Principles and Parametersmodel are empirical issues).

In our experiments with probabilistic LFGs we use a wide variety of fea-
tures (seeJohnson et al. (1999) for a more detailed description). Inspired by
probabilistic context-free grammars, we intro duced a feature f A for each cate-
gory A that can label a c-structure node, and de�ne f A (x) to be the number
of times a node labelled A appears in the c-structure of x. Additionally , the
probabilistic LFGs evaluated below usedthe following kinds of features, whose
selection was guided by the principles proposed by Hobbs and Bear (1995).
Adjunct and argument features indicate adjunct and argument attachment re-
spectively, and permit the model to capture a general argument attachment
preference. In addition, there are specialized adjunct and argument features
corresponding to each grammatical function used in LFG (e.g., subject, ob-
ject, complement, adjunct, etc.) There are features indicating both high
and low attachment (determined by the complexity of the phrasebeing attached
to). Another feature indicates non-right-branching nonterminal nodes. There is
a feature for non-parallel coordinate structures (where parallelism is measured
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in constituent structure terms). Each f-structure attribute-atomic value pair
which appears in any feature structure is also used as a feature. We also use
a number of features identifying syntactic structures that seemparticularly im-
portant in the particular corpora we usedin our experiments, such as a feature
identifying NPs that are dates (it seemsthat date interpretations of NPs are
preferred if they are available).

Ideally we would like to include lexical features directly in our experiments
to capture the dependenciesbetween governors and the heads of the phrases
that they govern, but we did not have enough training data to estimate these
directly in our experiments. However, probabilistic modelsof such dependencies
can be constructed by other means,and we can include information from such
\auxiliary" models in our model as follows (Johnson and Riezler, 2000;Riezler
et al., 2000). Supposewe have an auxiliary model R which assignsa positive
numerical preferencescoreR(x) to each x 2 
. (R might de�ne a probabilit y
distribution over 
, but need not). Then we de�ne a new feature f R (x) =
logR(x), and treat it otherwise just as another feature in our model. In e�ect,
the preferenceinformation from the auxiliary model R is treated as another
sourceof information that will be taken into account in the model we construct.
This provides a general mechanism whereby a range of complex preferences
(possibly including innate ones) can be included in a statistical model, which
generalizesthe \reference distribution" approach described in Jelinek (1997).

We now explain how the probabilit y of a particular linguistic structure x is
de�ned in terms of its feature valuesf (x) = (f 1(x); : : : ; f m (x)). While there are
many ways in which this can be done, we use the classof log-linear models in
our research (Abney, 1997). We justify our choice of log-linear models after we
have explained how they are de�ned.

Given a set of linguistic structures 
 and a feature vector (f 1; : : : ; f m ), a
log-linear model is de�ned by a parameter vector � = (� 1; : : : ; � m ), where each
� j is a real number. Informally , � j is the \w eight" assignedto the corresponding
feature f j . If � j is positive then higher valuesof f j (x) increasethe probabilit y
of x, and if � j is negative then higher values of f j (x) decreasethe probabilit y
of x (assumingthat the valuesof f j 0(x); j 0 6= j stay the same).

Mathematically, the probabilit y P� (X = x) of x given the parameter vector
� is de�ned as follows. We de�ne the weight V� (x) of x as the exponential
of a linear combination of the feature values of x, weighted according to the
parameter vector. (Thus the logarithm of V� (x) is a linear combination of the
feature values,hencethe name log-linear model).

V� (x) = exp(
mX

j =1

� j f j (x))

A probabilit y distribution over linguistic structures 
 must satisfy the normal-
ization constraint that the sum of probabilit y of the structures in 
 is 1, i.e.,P

x 2 
 P� (X = x) = 1. We cannot set P� (X = x) = V� (x) becausein generalV�

doesnot satisfy the normalization constraint. However, we canmakeP� (X = x)
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proportional to V� (x) by dividing the latter by a normalization factor known as
the partition function Z � (the name comesfrom statistical physics, which was
the �rst major application of log-linear models).

Z � =
X

x 2 


V� (x) (1)

P� (X = x) =
V� (x)

Z �
(2)

To be honest, the classof log-linear models is just oneof large number of classes
of probabilistic models, and we do not know if human language is best de-
scribed by such a model. Never the less,given the lack of even weak evidence
for other model classes,the 
exibilit y of log-linear models seemto make them
a good class to investigate �rst. Unlike probabilistic context free grammars
and related models, log-linear models permit essentially arbitrary dependencies
between features (include context-sensitive dependencies),which makes them
ideal for de�ning probabilit y distributions over linguistically realistic structures
(Abney, 1997). Additionally , there are information-theoretic reasonsfor prefer-
ring log-linear models over other model classes.The classof log-linear models
is also the classof maximum entropy models; roughly speaking, these are the
models which contain the minimum additional information over and above the
information contained in the training data (seeJelinek (1997) for a textb ook
intro duction). Virtually all of the well-known probabilistic models of language
are subclassesof the classof log-linear models (e.g., probabilistic context-free
grammars, hidden Markov models, etc.). Finally, even though one might sus-
pect that the restriction to linear combinations of the feature valuesis unduely
restrictiv e, becauseno restrictions are placedon the featuresthemselves,we can
de�ne a feature which is a nonlinear combination of other features, so the class
of log-linear models is much lessrestrictiv e than it may �rst seem.

Becausethe parameter vector � determines the distribution of linguistic
structures in the language,estimating � corresponds to learning the language:
we discussthis problem in the next and following sections. Supposewe have the
parameter vector for a language|ho w might it be used in comprehensionand
production? To keep things simple, ignore contextual and other factors, and
assumethat linguistic structures are in fact distributed according to P� . Com-
prehensionis the problem of identifying the intended semantic interpretation s
given a phonological form w (here taken to be a word string), while production
is the inverse: s is given and we need to identify the corresponding w. Given
these assumptions, it is possible to show that a languageuser minimizes their
expected error rate by selecting the most probable linguistic structure whose
phonological form is w in comprehension,and by selecting the most probable
linguistic structure whosesemantic interpretation is s in production.

We can give a more formal account of the parsing problem as follows (the
account of the generation problem is similiar). Let S be the function map-
ping a linguistic structure to its semantic interpretation, and (abusing notation
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Figure 2: Parsing the phonological form w only involvesoptimization over the
set 
( w) of linguistic structures with phonological form w.

somewhat) let 
( w) be the set of linguistic structures with phonological form
w. Then the semantic interpretation s0 with minimum expected error in the
parsing problem is:

s0 = argmax
s

P� (S = sjW = w) (3)

= argmax
s

X

x 2 
( w )
s:t : S(x )= s

V� (x) (4)

In equation (4) we seethat stochastic parsing only involvesan optimization
of V� over the set 
( w), and doesnot involve computation of the partition func-
tion Z � . The domain of optimization is depicted graphically in Figure 2. The
\o� line parsability constraint" of LFG ensuresthat 
( w) (the set of possible
parses of w) is always �nite (Kaplan and Bresnan, 1982; Pereira and War-
ren, 1983) even though the set of possible linguistic structures 
 is not,1 so
the optimization (3) can be carried out by enumerating the members of 
( w).
Since the functions V and S are e�ectiv ely computable, this implies that s0 is
e�ectiv ely computable as well. Moreover, standard parsing algorithms for non-
probabilistic grammars can be used to enumerate 
( w) (seeMaxwell I I I and
Kaplan (1993) for a discussionof LFG parsing). Thus for hand-crafted gram-
mars which produceonly a moderate number of detailed parsesper sentenceall
of the technology neededto �nd the parse with the minimum expected error
already exists.

4 Learning grammars

The previous section described how we de�ne a log-linear probabilit y distribu-
tion over linguistic structures 
. Wenow turn to the problem of determining the
parameter vector � from someobservational data D . At this abstract level, this
is just a statistical estimation problem and a wealth of statistical theory applies

1The o�-line parsabilit y constrain t only implies that 
( w) is �nite if the lexicon itself is
�nite, which may not be true if 
 is taken to be the set of structures generated by a univ ersal
grammar.
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to it. The di�cult y of this problem depends on the set of possiblestructures

, the features f which describe each structure, and the data D from which the
estimate is to be made. There is no guarantee that the parameter vector can
be estimated at all, and even if it can be, it may be the casethat an unreason-
ably large amount of data required to estimate it accurately, no matter what
estimation procedure is used. In general, there is a trade-o� between model
bias (i.e., constraints on possible languages)and the variance in estimates of
the model's parameters from data: changing the model classto lower the bias
raisesthe variance in the estimated models (Geman, Bienenstock, and Doursat,
1992). This argument is familiar in the study of languageacquisition, whereit is
standardly usedto arguefor restrictiv e innate constraints on possiblelanguages.
We would like to suggestthat a statistical perspective enriches the debate in
several ways. First, \soft" probabilistic biasescan lower variance, so it may
not be necessaryto posit \hard" categorical innate constraints to ensure ac-
curate learning. Second,statistics provides quantitativ e tools for investigating
bias/variance trade-o�s, which may add an additional empirical dimension to
the study of universal grammar and languageacquisition.

In our experiments we use maximum likelihood estimators (but seethe dis-
cussionof regularization in section 5). A maximum likelihood estimator selects
a parameter vector � which makes the data D as likely as possible, i.e., it ig-
nores the prior term and maximizes the log-likelihood L D (� ) = logP(D j� ) of
the training data in � . Under very generalconditions, maximum likelihood esti-
mation is unbiased (the expected value of parameter estimate is its true value),
consistent (as the sizeof the data grows, the estimated parametersconvergeon
the true value) and asymptotically e�cient (there is no other estimation proce-
dure whoseparameter estimateshave uniformly lower variance). Further, given
the independenceassumptions below the maximum likelihood estimator for a
log-linear model selectsthe closestmodel to the training data distribution in
terms of Kullback-Leibler divergence(an information-theoretic measureof the
distance betweentwo distributions).

More formally, supposethat D consistsof a sequenceof ful ly observed parses
D = (x1; : : : ; xn ); x i 2 
. (\F ully observed" meansthat the learner has access
to the complete linguistic structures; we consider the problem of learning from
phonological forms alonebelow). We make the standard statistical assumptions
that each observation x i is independent of the other observations x i 0; i 0 6= i ,
and that each x i is identically distributed according to P� for someunknown
� (these assumptions are undoubtedly incorrect, but we hope that they are
approximately true). Given theseassumptions,the likelihood L D of the data D
and the corresponding maximum likelihood estimate �̂ of � are:

L D (� ) =
nY

i =1

P� (X = x i ) (5)

�̂ = argmax
�

L D (� )

Figure 3 graphically depicts this maximum likelihood estimation. Informally ,
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Figure 3: Maximum likelihood estimation from fully observed (parsed) data

maximum likelihood estimation adjusts � to make the weight V� (x i ) of each
training datum as large as possible relative to the partition function Z � (the
sum of the weights of all linguistic structures 
).

It is straight forward to show that L D has a unique maximum value, and
at this maximum the expected value E �̂ (f j ) of each feature under the distribu-
tion P�̂ is equal to its expected value under the \empirical distribution" of the
training data D , i.e.,:

E �̂ (f j ) =
1
n

nX

i =1

f j (x i ); j = 1; : : : ; m:

Thus maximum likelihood estimation selectsa parameter vector �̂ so that the
expected value of each feature under the estimated distribution P �̂ is the same
asthe averagevalue of that feature in the training data, which intuitiv ely seems
to be a reasonablething to do.

Now we turn to the casewhere the training data is partial ly hidden and
consistsof phonological forms alone, i.e., D 0 = (w1; : : : ; wn ), where each wi is
a phonological form (here taken to be a string of words). In this situation the
training data does not uniquely identify the linguistic structure corresponding
to each phonologicalform wi ; all we know is that it lies somewhereinside the set

( wi ) = f x : W (x) = wi g of linguistic structures whosephonological forms are
wi . Making the sameindependenceassumptionsas before, the likelihood L 0

D 0

of the data D 0 is now a product of the marginal probabilit y of each wi , where
the marginal probabilit y of w is the sum of the probabilit y of each x 2 
( w).

P� (W = w) =
X

x 2 
( w )

P� (X = x)

L 0
D 0(� ) =

nY

i =1

P� (W = wi ) (6)

�̂ = argmax
�

L 0
D 0(� )

Figure 4 graphically depicts the quantit y being maximized during estimation
from phonological forms alone. Notice that the maximum likelihood estimator
selects the � that places maximum weight on the 
( wi ) as compared to the
whole of 
.
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Figure 4: Maximum likelihood estimation from partially visible (phonological
form) data

There is a standard technique known asthe Expectation-Maximization (EM)
algorithm which reducesthe optimization required in maximum likelihood es-
timation from partially hidden data to a series of optimizations of the kind
involved in maximum likelihood estimation from fully visible data (Dempster,
Laird, and Rubin, 1977). The technique requires an initial guess� (0) of the
parameter vector as well as the partially observed data D 0, and it producesa
sequenceof estimates � (1) ; � (2) ; : : :. This sequencehas the property that that
each additional estimate typically increases,and provably does not decrease,
the likelihood of the partially observed data, i.e., L 0

D 0(� (k+1) ) � L 0
D 0(� (k ) ). In-

formally, the technique involves treating each partial observation wi as a set
of fully observed data consisting of each x 2 
( wi ), with each full observation
x weighted according to P� ( k ) (x), where � (k ) is the estimate of � at the kth
iteration. Thus EM \pa ys most attention to" the x 2 
( wi ) that its current
estimate of � assignsthe highest probabilit y to.

Unlike the fully visible case,there is no guaranteethat the likelihood function
for partially hidden data has only a single local maximum, and the EM algo-
rithm can get \trapp ed" in such local maxima. Indeed, there is no guarantee
that estimation is possibleat all: the parameter vector � may simply be non-
identi�able from the kind of data available. For example, it is logically possible
that universal grammar permits two di�eren t languageswith exactly the same
marginal distribution over phonological forms, even though the two languages
associate each phonological form with di�eren t semantic interpretations.

5 Pseudo-lik eliho od estimation

The previous section intro duced maximum likelihood estimation of � for both
fully visible and partially hidden data. Unfortunately , it seemsthat directly
maximizing the likelihood (5) is computationally infeasibleeven for fully visible
data (and since the EM technique reduces the partially hidden data caseto
the fully visible data case, it too is infeasible). The standard algorithms for
maximizing this likelihood are iterativ e, and require the calculation of the ex-
pected value of each feature E � (f j ) for a variety of di�eren t parameter vectors
� (seeBerger, Della Pietra, and Della Pietra (1996) and Jelinek (1997) for an
intro duction to these algorithms). Informally , the causeof the infeasibility is
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that maximum likelihood estimation requiresus to selectthe parameter vector �
that maximizesthe weight V� (x i ) on the observed datum x i relative to the sum
Z � of the weights on all possible linguistic structures x 2 
 (seeFigure 3 and
equations 1, 2 and 5). Because
 is in�nite, we cannot calculate the partition
function Z � or the feature expectations E � (f j ) by directly enumerating 
. In-
deed,even calculating the probabilit y P� (X = x) of a single linguistic structure
x seemsinfeasible, sinceit too crucially involvesZ � (seeequation 2).

If 
 and the feature vector f have a suitably simple structure, then it may
be the casethat Z � and E � (f j ) can be calculated analytically. For example, if 

is the set of trees generatedby a context free grammar and the feature f i maps
an x 2 
 to the number of times the i th production is used in a derivation of
x, then Z � and E � (f j ) can be calculated without an explicit enumeration of 

(Abney, McAllester, and Pereira, 1999; Chi, 1999). However, this calculation
dependscrucially on the context free or Markovian independenceproperties of
Probabilistic Context Free Grammars. It seemsthat such context free systems
cannot describe the true set 
 of possiblelinguistic structures (Shieber, 1985),
yet these context free properties are what makes the direct calculation of Z �

and E � (f j ) feasible. Indeed,preciselybecausethe Lexical Functional Grammars
used in this research are capable of capturing the non-local, context-sensitive
dependenciesof natural language,the methods that can be usedto calculate Z �

and E � (f j ) for PCFGs do not extend to LFGs.
Never the less,we believe that there may be techniquesfor calculating or ap-

proximating Z � for LFGs that avoid explicit enumeration. Abney (1997) points
out that E � (f j ) can be approximated using Monte Carlo sampling techniques
that do not enumerate all of 
. While this is in principle correct, a \back of
the envelope" calculation suggeststhat the particular Hastings Metropolis sam-
pling scheme that Abney proposesis computationally impractical for all but
small grammars (seeJohnsonet al. (1999) for further discussion).

However, note that the full joint distribution over phonological forms and
their parsesis not actually required for natural languageprocessingtasks. For
example,as explained above, comprehensionand parsing only requires the con-
ditional distribution P(X jW ) of linguistic structures given their phonological
forms (seeequation (3) and Figure 2 above). Crucially, estimating thesecondi-
tional distributions is often computationally feasible,even though estimation of
the joint distribution is infeasible.

Consider the casewhere the data is fully observed: D consists of parses
D = (x1; : : : ; xn ); x i 2 
 asabove. Each parseis associated with a phonological
form wi = W (x i ). Making the sameindependenceassumptionsas before, the
conditional likelihood or pseudo-likelihood PLD of the data D and the corre-
sponding maximum likelihood estimate �̂ of � are:

Z � (w) =
X

x 2 
( w )

V� (x)

P� (X = xjW = w) =
V� (x)
Z � (w)
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Figure 5: Maximum pseudo-likelihood estimation from fully observed data

PLD (� ) =
nY

i =1

P� (X = x i jW = wi ) (7)

�̂ = argmax
�

PLD (� )

Whereasthe likelihood L D is a product of (unconditional) probabilities (5),
the pseudo-likelihood PLD is a product of conditional probabilities (7). Ulti-
mately, pseudo-likelihood di�ers from likelihood in that pseudo-likelihood only
involves Z � (w) in place of the infeasible Z � in the likelihood. It is straight
forward to show that at the maximum of (7), the sum of the conditional expec-
tations of each feature must be same as sum of their empirical values, where
E � (f jW ) is the expectation of f with respect to the conditional distribution
P� (X jW ):

nX

i =1

E �̂ (f j jW = wi ) =
nX

i =1

f j (x i ); j = 1 : : : m:

Moving to pseudo-likelihood makes a crucial di�erence in the kinds of expec-
tations that must be computed in the standard algorithms for maximizing � ;
they now involvethe generallyfeasibleconditional expectationsE � (f j jW ) rather
than the infeasible unconditional expectations E � (f j ).

It turns out that this idea of directly estimating a conditional distribution
(rather than the joint) has beenindependently discovered at least twice. Besag
(1975), who coined the name `pseudo-likelihood', usesit in a computational vi-
sionsetting in which onepart of an imageservesasthe conditioning environment
for another part of the image (here, the phonological form corresponds to one
part of the linguistic structure, and everything elsein the structure corresponds
to the other part). Berger, Della Pietra, and Della Pietra (1996) and Jelinek
(1997) both describe optimizations in their algorithms which replacejoint prob-
abilities with conditional probabilities in exactly the manner described here
(but they do not acknowledgethat this meansthey are estimating a conditional
rather than a joint distribution).

Figure 5 graphically depicts maximum pseudo-likelihood estimation. In-
formally, maximum pseudo-likelihood estimation adjusts � to make the weight
V� (x i ) of each training datum as large as possible relative to Z � (wi ), i.e., the
sum of the weights of all parses 
( wi ) of the phonological form wi . As re-
marked earlier, 
( wi ) is �nite and of managablesize for LFGs, so Z � (wi ) and
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the conditional expectations required for maximizing the pseudo-likelihood can
be calculated using direct enumeration of 
( wi ).

While pseudo-likelihood estimation is consistent for the conditional distribu-
tion, it is not hard to seethat maximizing PLD will not alwayscorrectly estimate
the joint P� (X ) (Chi, 1998). Supposethere is a feature f j which dependssolely
on the phonological form W (x) of a linguistic structure x, i.e., f j (x0) = f j (x)
for all x 2 
 and x0 2 
( W (x); we call such features pseudo-constant. (For
an example of a pseudo-constant feature, let f j (x) be the number of times the
word eat occurs in x). If f j is pseudo-constant, then it is easyto show that the
pseudo-likelihood doesnot depend on the value of the parameter � j associated
with f j , so maximum pseudo-likelihood estimation provides basis for choosing
a value for � j . In fact, in this caseany value of � j gives the sameconditional
distribution P� (X jW ), so� j is irrelevant to the problem of choosinggood parses.

Informally , the relationship betweenmaximum likelihood and pseudo-likelihood
estimation is the sameas the relationship between the joint P(X ; W ) and the
conditional P(X jW ), which are related by the marginal P(W ):

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

The parameter vectors estimated by maximum likelihood estimation model the
joint; they describe both the condition distribution of parsesgiven phonological
forms as well as the marginal distribution of phonological forms P(W ), while
pseudo-likelihood estimation focuseson the conditional P(X jW ) and ignores
the marginal.

Interestingly, from a cognitive modularit y perspective, the conditional and
the marginal distributions seemto correspond to two di�eren t kinds of informa-
tion. As noted above, the conditional distribution P(X jW ) is precisely the in-
formation required for disambiguation in sentence comprehension,which seems
to be purely linguistic knowledge. The marginal distribution P(W ), on the
other hand, describes the distribution of phonological forms, which seemsto
involve world knowledgeand contextual information at least as much as it in-
volves linguistic knowledge. Thus pseudo-likelihood estimation may be more
compatible with a modular view of language,since it seemsto focus on more
purely linguistic knowledgethan doesmaximum likelihood estimation.

Wenow brie
y describesomeof the morepractical details of pseudo-likelihood
estimation. Despite the assuranceof consistency, pseudo-likelihood estimation
is prone to over �tting when a large number of features is matched against a
modest-sizedcorpus of training data. One particularly troublesomemanifesta-
tion of over �tting results from the existenceof features which, relative to the
training data, we call \pseudo-maximal". A feature f is pseudo-maximalfor a
phonological form w if and only if for all x0 2 
( w) f (x) � f (x0) where x is
any correct parse of w, i.e., the feature's value on every correct parse x of w
is greater than or equal to its value on any other parse of w. Pseudo-minimal
features are de�ned similarly. It is easyto seethat if f j is pseudo-maximalon
each sentence of the training corpus then the parameter assignment � j = 1
maximizes the corpus pseudo-likelihood. (Similarly , the assignment � j = �1
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maximizes pseudo-likelihood if f j is pseudo-minimal over the training corpus).
Such in�nite parameter values indicate that the model treats pseudo-maximal
features categorically; i.e., any parse with a non-maximal feature value is as-
signeda zero conditional probabilit y.

Of course,a feature which is pseudo-maximalover a �nite training corpus is
not necessarilypseudo-maximalfor all phonological forms inthosethe language.
This is an instance of over �tting, and it can be addressed,as is customary,
by adding to the objective function a regularization term that promotes small
values of � . In Johnson et al. (1999) we added a quadratic to the log pseudo-
likelihood, which corresponds to multiplying the pseudo-likelihood itself by a
normal distribution. Speci�cally , we multiplied the pseudo-likelihood by a zero-
mean normal in � with diagonal covariance and with standard deviation � j for
� j equal to 7 times the maximum value of f j found in any parsein the training
data. Thus instead of choosing �̂ to maximizing the pseudo-likelihood (7), in the
experiments reported in Johnsonet al. (1999) and Johnson and Riezler (2000)
we actually selected�̂ to maximize:

logPLD (�̂ ) �
mX

j =1

� 2
j

2� 2
j

(8)

Interestingly, this way of regularizing hasa Bayesianinterpretation. In Bayesian
estimation one seeksa parameter vector � that maximizes the posterior proba-
bility P(� jD ) of the parameter vector � given the training data D . According to
Bayestheorem, this can be doneby maximizing the product of the prior proba-
bility P(� ) of the parameter vector and the likelihood P(D j� ) of the data given
the parameter vector. If onesetsthe prior probabilit y P(� ) to be proportional to
exp(�

P m
j =1 � 2

j =2� 2
j ) and makesthe sameindependenceassumptionsconcerning

the data as above, then it is possibleto show that the Bayesianestimate for �
is precisely the � that maximizes (8).

In theseexperiments, the set of possiblelinguistic structures 
 was de�ned
by a hand-written LFG for English, which was speci�cally designedat Xerox
Par c to generatethe sentencesin two corpora of businessappointment dialogs
and \Homecenter" printer/copier documentation, consisting of 500 and 1000
parsedsentencesrespectively. Even though the grammar included all standard
linguistic constraints, the sentencesin the corpora wereoften highly ambiguous,
with an averageof 8 parsesper sentence. The training data consistedof the
correct parse for each sentence (which was identi�ed manually) together with
the set of all alternativ e (i.e., incorrect) parsesof the sentencegeneratedby the
grammar. Using a cross-validation framework, we showed that a model trained
by maximum pseudo-likelihood correctly disambiguated approximately 58% of
ambiguous test sentences,whereasa model that treated each parse as equally
likely would correctly disambiguate only 25% of the ambiguous test sentences.

We now turn to the more realistic situation (in terms of languageacquisition)
where the training data consists of phonological forms alone. Whereas maxi-
mum likelihood estimation from partially visible data is conceptually straight
forward|one adjusts � to maximize the likelihood of the phonological forms
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Figure 6: A straight forward application of maximum pseudo-likelihood estima-
tion from partially visible (phonological form) data fails

that constitute the training data D |it turns out that similiar approach based
on pseudo-likelihood fails. Speci�cally , conditioning the marginal P(W = wi )
in the likelihood (6) on the phonological form results in a constant-valued like-
lihood that doesnot vary with � or D , so estimation fails.

Intuitiv ely, the problem is that we are trying to maximize the sum of the
weights V� (x) placed on the x 2 
( wi ) relative to the sum of the weights of
exactly the sameset 
( wi ), as depicted in Figure 6. Standard maximum likeli-
hood estimation from partially visible data (as performedby the EM algorithm)
maximizesthe sum of the weights placedon 
( wi ) relative to the sum Z � of the
weights placed on all possiblelinguistic structures 
.

We noted earlier that maximum likelihood estimation is infeasible because
the partition function Z � and the expectations E � (f j ) involve summing over
all possible linguistic structures 
. In Riezler et al. (2000) we developed a
method for maximum likelihood estimation from partially visible data that ex-
ploits a data-oriented approximation to Z � and E � (f j ) in which we replace
the summation over 
 with a summation over the �nite set 
( D 0) consisting
of all possibleparsesthe phonological forms that constitute the training data
D 0 = (w1; : : : ; wn ). More precisely, the likelihood function L 00

D 0 maximized in
theseexperiments is:


( D 0) =
n[

i =1


( wi )

Z � (D 0) =
X

x 2 
( D 0)

V� (x)

P� (W = wjW 2 D 0) =
Z � (wi )
Z � (D 0)

L 00
D 0(� ) =

nY

i =1

P� (W = wi jW 2 D 0)

Figure 7 depicts the likelihood function that this data-oriented approach
maximizes. Unlike with standard maximum likelihood estimation, computation
of the data-oriented partition function Z � (D 0) and the corresponding expec-
tations is feasible. The data-oriented approach can be viewed as a version of
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Figure 7: An data-oriented approach to estimation from partially visible (phono-
logical form) data

pseudo-likelihood in the following way. Recall the key idea behind pseudo-
likelihood: namely, that one can de�ne a likelihood function by conditioning
onepart of the structure on another part of that structure. In pseudo-likelihood
estimation from fully visible (parsed) data we take each sentenceto be an obser-
vation and condition each linguistic structure on its phonological form. In this
data-oriented approach, we take the entire data set D 0 to be an observation,
and condition each phonological form on the fact that it occured in D 0.

Since the above described estimation procedure does not require manually
annotated data for training but merely data consisting of phonological forms
alone, large sets of training data can easily be provided. In our experiments
we parseda large corpus of newspaper text with a German LFG grammar (de-
veloped in the ParGram project at the University of Stuttgart), and extracted
all parsesfor sentences which were assignedat most 20 parsesby the gram-
mar. This resulted in a training corpus of approximately 36,000sentencesand
250,000parses.The rationale behind the employed restriction of the ambiguit y
of the training data is to simplify the estimation problem by restricting the
entropy of the distribution over the training parses. A further attempt to reg-
ularize the estimation procedure is a initial regularization of parameter values
with the e�ect of focussingthe search in maximization on a proper subspaceof
the parameter space. Together, these regularization techniques serve to make
EM a manageableestimation tool for highly precisestatistical disambiguation.
An evaluation of disambiguation performance on LFG parsed newspaper sen-
tenceswith on average25 parsesper sentenceshowed the following results: The
task of matching full c/f-structure pairs to the manually selectedpair could
be performed correctly in over 60% of the test cases;a disambiguation of the
predicate-argument structures of the parsesof the test sentences(which is su�-
cient for many application purposes)could be performed correctly in over 90%
of test cases.

6 Conclusion and further directions

Becauselog-linear models make no assumptions about relationships between
features,they provide a generalframework for de�ning probabilit y distributions
over linguistic structures from virtually any linguistic theory (Abney, 1997).
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Maximum likelihood estimation is an optimal method for estimating the param-
eter vectors for such models from data, but precisely becauselog-linear models
are so general,maximum likelihood estimation is typically computationally in-
feasiblebecauseit requiresus to calculate expectations over all possiblelinguis-
tic structures. This lead us to develop techniques basedon pseudo-likelihood
(Besag,1975) for estimating parameter vectors from fully visible (parsed) data
(Johnson et al., 1999;Johnsonand Riezler, 2000) and partially visible (phono-
logical form) data (Riezler et al., 2000).

This work is still in its infancy, and many interesting avenuesremain to be
explored. As we explained above, in order to study languageacquisition the
set of possible linguistic structures 
 should be the set of universally possible
structures, but currently we lack a \univ ersal grammar" with which to conduct
our experiments. As we explained in the text, it seemsthat basic conceptual
issuesstill need to be addressedbefore such a universal grammar can be con-
structed. Sticking to the framework used in the experiments described in this
paper where 
 is the set of possible linguistic structures of a particular lan-
guage, we believe there is interesting empirical linguistic research to be done
in investigating the trade-o� between the \hard" grammatical constraints in-
corporated in the grammar that determines 
 and the \soft" preferencesthat
can be encoded using features f j in the statistical model. The grammars we
used in our experiments were not written with our statistical models in mind,
and we might obtain a more robust system with broader coverageby removing
someof the grammatical constraints from the grammar and re-expressingthem
as features in the statistical model.

Turning to more mathematical issues,it would be valuable to investigate
other ways for estimating the partition function and the expectations required
for maximum likelihood estimation from both parsed and phonological form
data. Techniques for approximating these quantities have been developed in
other �elds (e.g., mean �eld approximations), and it may be possibleto apply
them in computational linguistics as well (Saul and Jordan, 1999).

A problem left unaddressedin our applications is e�cien t searching for most
probable parses.This question becomescrucial if higher coverageis desiredand
traded in for more super�cial parsesand for higher ambiguit y. Clearly, for such
casesit is desirable to adapt techniques such as Viterbi's algorithm (Viterbi,
1967) to searching e�cien tly for most probable parses in probabilistic LFG
grammars. Here a closer look at generalizeddynamic-programming techniques
as developed for graphical models (Frey, 1998) seemspromising.

Finally, webelievethat there may beother waysof applying pseudo-likelihood
to language learning besidesthe ways described in this paper. The pseudo-
likelihood estimation approach from visible (parsed) data is seemshighly un-
realistic in one respect: such a learner learns nothing from unambiguoussen-
tences in its training data, even though such sentences are intuitiv ely most
informativ e of all. This is becausethe pseudo-likelihood we used conditioned
on phonological form; i.e., P(X jW ). Supposeinstead we adopt a \generation-
oriented" pseudo-likelihood, where we condition on the semantic interpretation
S(x) of each linguistic structure x, so the likelihood is the product of terms

19



P(X = x i jS = si ). Such a learner would learn from each sentence in its train-
ing data whosesemantic interpretation can be expressedin more than one way
universally.

References

Abney, Steven. 1997. Stochastic Attribute-Value Grammars. Computational
Linguistics, 23(4):597{617.

Abney, Steven, David McAllester, and FernandoPereira. 1999. Relating proba-
bilistic grammars and automata. In Proceedings of the 37th Annual Meeting
of the Association for Computational Linguistics, pages542{549, San Fran-
cisco.Morgan Kaufmann.

Berger, Adam L., Vincent J. Della Pietra, and StephenA. Della Pietra. 1996. A
maximum entropy approach to natural languageprocessing.Computational
Linguistics, 22(1):39{71.

Besag,J. 1975. Statistical analysisof non-lattice data. The Statistician, 24:179{
195.

Bresnan, Joan. 1982. The Mental Representation of Grammatical Relations.
The MIT Press,Cambridge, Massachusetts.

Bresnan, Joan. 1998. The lexicon in optimalit y theory. In Paula Merlo and
SusanStevenson,editors, Proceedings of the 11th Annual CUNY Conference
on Human Sentence Processing,Rutgers University. To appear.

Bresnan, Joan, Ronald M. Kaplan, Stanley Peters, and Annie Zaenen. 1982.
Cross-serialdependenciesin dutch. Linguistic Inquiry , 13:613{635.

Chi, Zhiyi. 1998. Probability Models for ComplexSystems. Ph.D. thesis,Brown
University.

Chi, Zhiyi. 1999. Statistical properties of probabilistic context-free grammars.
Computational Linguistics, 25(1):131{160.

Chomsky, Noam. 1981. Lectureson Governmentand Binding. Foris, Dordrecht.

Dempster, A., N. Laird, and D. Rubin. 1977. Maximum likelihood from incom-
plete data via the EM algorithm. Journal of the Royal Statistical Society,
SeriesB, 39:1{38.

Frey, Brendan J. 1998. Graphical Models for Machine Learning and Digital
Communication. The MIT Press,Cambridge, Massachusetts.

Geman, Stuart, Elie Bienenstock, and Ren�e Doursat. 1992. Neural networks
and the bias/variance dilemma. Neural Computation, 4:1{58.

20



Gold, E.M. 1967. Languageidenti�cation in the limit. Information and Control,
10:447{474.

Hobbs, Jerry R. and John Bear. 1995. Two principles of parse preference. In
Antonio Zampolli, Nicoletta Calzolari, and Martha Palmer, editors, Lin-
guistica Computazionale: Current Issues in Computational Linguistics: In
Honour of Don Walker. Klu wer, pages503{512.

Horning, James Jay. 1969. A study of grammatical inference. Ph.D. thesis,
Stanford.

Jelinek, Frederick. 1997. Statistical Methods for Speech Recognition. The MIT
Press,Cambridge, Massachusetts.

Johnson, Mark. 1998. Optimalit y-theoretic Lexical Functional Grammar. In
Paula Merlo and SusanStevenson,editors, Proceedings of the 11th Annual
CUNY Conference on Human Sentence Processing,Rutgers University. To
appear.

Johnson, Mark, Stuart Geman, StephenCanon, Zhiyi Chi, and Stefan Riezler.
1999. Estimators for stochastic \uni�cation-based" grammars. In The Pro-
ceedingsof the 37th Annual Conference of the Association for Computational
Linguistics, pages535{541, San Francisco.Morgan Kaufmann.

Johnson, Mark and Stefan Riezler. 2000. Exploiting auxiliary distributions in
stochastic uni�cation-based grammars. In Proceedings of the North Amer-
ican Chapter of the Association for Computational Linguistics, pages154{
161, San Francisco.Morgan Kaufmann.

Kaplan, Ronald M. 1995. The formal architecture of LFG. In Mary Dalrymple,
Ronald M. Kaplan, John T. Maxwell I I I, and Annie Zaenen,editors, Formal
Issues in Lexical-Functional Grammar, number 47 in CSLI Lecture Notes
Series.CSLI Publications, chapter 1, pages7{28.

Kaplan, Ronald M. and Joan Bresnan. 1982. Lexical-Functional Grammar: A
formal systemfor grammatical representation. In Joan Bresnan,editor, The
Mental Representationof Grammatical Relations. The MIT Press,chapter 4,
pages173{281.

Kaplan, Ronald M. and Annie Zaenen. 1995. Long-distance dependencies,
constituent structure and functional uncertainty. In Mary Dalrymple,
Ronald M. Kaplan, John T. Maxwell I I I, and Annie Zaenen,editors, Formal
Issues in Lexical-Functional Grammar, number 47 in CSLI Lecture Notes
Series.CSLI Publications, chapter 3, pages137{165.

Maxwell I I I, John T. and Ronald M. Kaplan. 1993. The interface between
phrasal and functional constraints. Computational Linguistics, 19(4):571{
590.

21



Pereira, Fernando C.N. and David H.D. Warren. 1983. Parsing as deduction.
In The Proceedings of the 21st Annual Meeting of the Association for Com-
putational Linguistics, pages137{144, M.I.T., Cambridge, Massachusetts.

Pollard, Carl and Ivan Sag. 1994. Head-driven PhraseStructure Grammar. The
University of Chicago Press,Chicago.

Pollard, Carl and Ivan A. Sag. 1987. Information-based Syntax and Semantics.
Number 13 in CSLI Lecture NotesSeries.ChicagoUniversity Press,Chicago.

Riezler, Stefan, Detlef Prescher, Jonas Kuhn, and Mark Johnson. 2000. Lex-
icalized stochastic modeling of constraint-based grammars using log-linear
measuresand em training. In Proceedings of the 38th Annual Meeting of the
Association for Computational Linguistics (ACL'00), Hong Kong.

Saul, Lawrence and Michael Jordan. 1999. A Mean Field learning algorithm
for unsupervised neural networks. In Michael Jordan, editor, Learning in
Graphical Models. The MIT Press, Cambridge, Massachusetts, pages541{
554.

Shieber, Stuart M. 1985. Evidence against the Context-Freenessof natural
language. Linguistics and Philosophy, 8(3):333{344.

Viterbi, A. 1967. Error bounds for convolutional codesand an asymptotically
optimum decoding algorithm. IEEE Transactions on Information Theory,
IT-13:260{269.

22


