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Abstract:

The core focus of WPS is the generalization of the action representation developed in WP2, WP3, and
WPA4 to cover communicative acts, and the formalization of syntax and semantics for communication and
interaction in natural language with situated purposeful agents, together with mechanisms for the acqui-
sition of grammar from sentence-meaning pairs. The deliverable and the attached paper are exclusively
concerned with the nature of the problem of language acquisition on the basis of paired presentations
of sentences of any human language and contextually supported meanings for those sentences. The pa-
per shows that a very simple statistical model can simulate the general course of acquisition, including
certain patterns of overgeneralization, without adherence to any subset principle, and without the use of
parametric triggers and attendant ordering principles that have been postulated in the recent literature.
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1. Executive Summary

The core focus of WP5 is the generalization of the action representation developed in WP2, WP3 and
WP4 to cover communicative acts, and the formalization of syntax and semantics for communication and
interaction in natural language with situated purposeful agents, together with mechanisms for the acquisition
of grammar from sentence-meaning pairs. The deliverable and the attached paper are exclusively concerned
with the nature of the problem of language acquisition on the basis of paired presentations of sentences
of any human language and contextually supported meanings for those sentences. The paper shows that
a very simple statistical model can simulate the general course of acquisition, including certain patterns of
overgeneralization, without adherence to any subset principle, and without the use of parametric triggers and
attendant ordering principles that have been postulated in the recent literature. The associated deliverable
D5.1 shows how the LDEC action representation and the associated PKS planner developed under WP4
and described in D4.3.1 can both be induced from lower-level representations of states and state transitions,
and provide a basis for natural language semantics at the higher level of Combinatory Categorial Grammar,
providing the input to the system for either the child or the PACOPLUS agent. Both of these papers are
theoretical and look ahead to the next phase of the project, as was anticipated in the plan of work in the
annex, and the account of KRA 4 in the Annex (Section 6), since at this stage the low-level modules are
not delivering object-concepts at a level appropriate to the formulation of semantics. In particular linguistic
semantics grounded in robot sensory-motor schemata that will provide the basis for learning is yet to be
developed.

Combinatory Categorial Grammar (CCG, Steedman 2000) is a theory of grammar according to which all
language-specific grammatical information resides in the lexicon. A small universal set of strictly type-
driven, non-structure dependent, syntactic rules (based on Curry’s combinators B, S, and T) then “projects”
lexical items into sentence-meaning pairs and defines the mapping from one to the other.

Steedman (2002b,a) showed how the same set of combinatory operations were involved in human and
animal non-linguistic planning, and defined a Linear Dynamic version of the Event Calculus (LDEC) as a
notation for such a planner. Work by UEDIN under PACOPLUS support reported under deliverable D4.3.1,
implements LDEC as a high-level symbolic planner under the PKS framework of Petrick and Bacchus
(2002, 2004).

The present report analyzes the problem of connecting this planner to a mechanism for inducing a language-
specific CCG grammar from presentations of sentences and (probably ambiguous, possibly noisy) contextually-
supported meanings. CCG is being used as a basis for interaction with semantically grounded robots in a
number of other European and American projects, notably under EU FP6 IST IP CoSy (Kruijff and Brenner
2006) and in Leslie Kaelbling’s group at MIT (Zettlemoyer, Pasula and Kaelbling 2005). The present paper
offers a basis for a completely general and strikingly simple account of language acquisition in human and
artificial systems for any semantics, including semantics defined on the basis of the kind of dialog actions
considered in deliverable D5.1., Annex B. It is potentially applicable to all of these systems.

The document consists of a single paper describing this work, included in the present paper as Annex A.

A: The Computational Problem of Language Acquisition (to be submitted: presented at the Institute
of Research in Cognitive Science (IRCS) Colloquium, University of Pennsylvania, January 2007).
This paper outlines a complete model of language acquisition. It uses the framework of CCG but is
applicable to any lexicalized grammar formalism, such as Tree adjoining Grammar (TAG, Joshi and
Schabes 1992), Lexical-Functional Grammar (LFG, Bresnan 1982), Head driven Phrase-Structure
Grammar (HPSG, Pollard and Sag 1994), and Type-Logical Grammar (TLG, Morrill (1994)). To the
extent that Construction Grammar (ConstG, Goldberg (1995)) can be lexicalized (which appears to
be completely) it also applies to that.

The paper is an extension of work by Zettlemoyer and Collins 2005, who also use CCG as a frame-
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work. The present paper differs in doing language learning in the full space of universal grammar as
captured in CCG, and in using a generative statistical model, rather than the discriminative Maximum
Entropy model used by them. The advantage of a generative model of lexical acquisition is that, be-
cause it learns probabilities P(Syntax,Semantics|Word) of adult utterance, rather than discriminative
weights, the model can be inverted to yield predictions about the probabilities of errorful utterance by
the child P(Word, Syntax|Semantics) These probabilities can be used to make quantitative predictions
about the type of error that will be made by the child under conditions of forced elicitation of the kind
investigated by Crain and Thornton (1998), and about the learning curve of the target construction.

2. Role of Language Acquisition in PACOPLUS

The relation of prelinguistic semantics, grounded in sensory motor experience, to high level cognition in-
cluding language is a central concern of PACOPLUS. The solution presented here to the problem of language
acquisition is a very general one. The research has as much to gain from involvement with grounded agents
learning action representations as the agents have in terms of provision of spoken interfaces. That is why
we are not limiting the language interface to a fixed set of slot-and-filler sentence templates, hand tailored
to the PACOPLUS domain, an exercise that would be entirely without scientific interest.

3. Relation to Demonstrator 8.1

The capabilities of Demonstrator 8.1 are decidedly sensory-motor. It is likely that the scope for language
learning will be limited, though it will be explored as far as possible. The impact of this research is planned
according to the PACOPLUS Annex 1 (see section 6 KRA4) for a later phase, at which point a substantial
conceptual base of robot object-action complex (OAC) concepts will have been built up to act as a substrate
for a grounded linguistic semantics.

4. Principal Scientific Results

The paper in Annex A shows that the simplest possible generative model predicts the general shape of the
childs progress from an initial unstable state in which almost any alternative allowed by universal grammar
may be elicited, via a process of exponential reinforcement and extinction which may give the appearance
of parametric “switch-setting”, to stable adherence to a single form. This result resembles the somewhat
different statistical model of Yang (2002), but eschews the use of parameters entirely. It provides a good
model for language learning in robots, where problems of error in interpreting the situation and (if standard
speech-recognition technology is used) in identifying the string correctly demand a probabilistic approach.
There are interesting implications of these results for the purely syntactic, parameter-based approaches of
Wexler and Fodor, and for the notion of “syntactic bootstrapping” advanced by Gleitman.

5. Future Work

A number of questions remain open at the time of this report and constitute further work.

1. Children show a number of biases which may work to make this process easier. For example, verbs
are acquired later than comparably frequent nouns. It is not clear whether this is an intrinsic cognitive
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intellectual development, or whether it is an artefact of the way the data is presented to the child, and
is predicted by the model. Answering this question requires closer attention to corpora like CHILDES
than we have so far been able to afford.

2. The actual sensory-motor derived semantics that real children bring to bear on this task is almost
entirely opaque. One of the objectives of PACOPLUS is to say what such a semantics might look
like. The major effort in the remaining period for this work package is to define such a semantics
for the robot agents in its own right, in the hope of shedding light on the nature of the child’s own,
via exploration of language learning on the basis of such an artificial semantics grounded in sensory
motor interaction with the world.

6. Publications Associated with D5.1

1. M. Steedman and J. Hockenmaier, 2006: “The Computational Problem of Language Acquisition”
(to be submitted: presented at the Institute of Research in Cognitive Science (IRCS) Colloquium,
University of Pennsylvania, January 2007)
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7. Annexes

A. The Computational Problem of Language Acquisition

Mark Steedman and Julia Hockenmaier

CCQG is a theory of grammar in which all language-specific grammatical information resides in the lexicon.
A small universal set of strictly type-driven, non-structure dependent, syntactic rules (based on Curry’s
combinators B, S, and T) then “projects” lexical items into sentence-meaning pairs. The task that faces the
child in the earliest stages of language acquisition can therefore be seen as learning a lexicon on the basis of
exposure to (probably ambiguous, possibly somewhat noisy) sentence-meaning pairs, given this universal
combinatory “projection principle”’, and a mapping from semantic types to the set of all universally available
lexical syntactic types.

The paper argues that a very simple statistical model allows children to arrive at a target lexicon without nav-
igation of subset principles, or attention to any attendant notion of trigger other than the notion “reasonably
short sentence in a reasonably understandable situation drawn from a reasonably representative sample”.
The model explains the pattern of errors that have been found in elicitation experiments. The linguistic
notion of “parameter” appears to be redundant to this process.
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Abstract

CCG is a theory of grammar in which all
language-specific grammatical information
resides in the lexicon. A small universal
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pendent, syntactic rules (based on Curry’s
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lexical items into sentence-meaning pairs.
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est stages of language acquisition can there-
fore be seen as learning a lexicon on the
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possibly somewhat noisy) sentence-meaning
pairs, given this universal combinatory “pro-
jection principle”, and a mapping from se-
mantic types to the set of all universally
available lexical syntactic types.

The paper argues that a very simple statisti-
cal model allows children to arrive at a target
lexicon without navigation of subset prin-
ciples, or attention to any attendant notion
of trigger other than the notion “reasonably
short sentence in a reasonably understand-
able situation drawn from a reasonably rep-
resentative sample”. The model explains the
pattern of errors that have been found in elic-
itation experiments. The linguistic notion of
“parameter” appears to be redundant to this
process.
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ample ofsupervisedearning. That is not to say that
they are explicitly instructed by adults, but in com-
ing to know which words of the language are the
verbs and which the nouns, and in what linear spatio-
temporal order(s) the two may occur, children must
have access to something more than the mere strings
of words constituting a subset of the legal sentences
of the languages.

This agreement is based in part on observation
of the extreme rapidity with which language acqui-
sition proceeds, and the absence of negative data
While it is theoretically possible, using probabilis-
tic models and unsupervised machine learning, to
approximate grammars of any class to any desired
degree of accuracy, the computational costs of such
learning for realistic grammars are prohibitive. The
consensus also rests on the observation that no-one
has actually managed to make these techniques work
very well computationally for natural language.

The “something more” that the child brings to
language acquisition is sometimes referred to as
“Universal Grammar”, and as such is sometimes
talked about in exclusively syntactic terms, as in
the “parameter-setting” account of acquisition of
Hyams (1986) and much subsequent work, accord-
ing to which a homunculus “flips switches” cor-
responding to syntactic parameters such as head-
finality and pro-drop until the “universal grammar
engine” uniquely specifies the languageduloits
lexicon, in a process that has been likened to a game
of Twenty-Questions (Yang 2006:Ch.7).

Such accounts seem to raise as many questions

fas they answer about the mechanism by which such
)I(garning could proceed. In particular, the specific




inventory of parameters that this universal machin@ Semantically Grounded Grammar
embodies, the way in which the very large search Acquisition

spaces engendered by even quite small sets of binarx )

independent parameter can be effectively explore-[i e only remotely plqu5|ble source th"flt has ever
(Clark & Roberts 1993), and the aspects of the da&een proppsgd for universal grammar is a univer-
that “trigger” their setting (Gibson & Wexler 1995) salsemanticsin the form of structured meanings or

remain rather unclear. One is uneasily reminded éﬁ;glcal forms to which the child already has access

the warnings of Newell (1973) in a different context 2> language acquisition begins, to which syntactic
concerning the likely outcome of playing Twenty-forms are rather directly attached, and which drasti-

Questions with nature cally limit the search space.

Nevertheless, there is something deeply right in TO say Fhis mt_;ch is not very helpful in psycho-
the idea that the process of language learning prbqglcal or linguistic terms, since (as Chomsky never

ceeds by entertaining all possible grammars, antHes of pointing (_)Ut) linguists don't I_<now that much
eliminating all alternatives but one, because thaﬁbOUt how to articulate the semantics. However, the

Fhild doesn’tneedto articulate it. They just need to
label it, so our theories need to represent it some-

ticular, Crain & Thornton (1998) and their student: OWt') éb\s a ;[enlqporar)gs(;opgaﬁ)]we’ll glse termshof ﬂ;]e
have shown (using ingeniously forced elicitationsj"im a caiculus, an ef(_ert € problem of what the
semantics actually looks like till section 5.

that learning is characterized by great initial varia~ hi h kes the child’ bl
tion in productions for any given construction, ap- This approach makes the child's problem resem-

parently covering alternatives characteristic of man9Ie that of treebank grammar mductpn for wide cov-
other languages, followed by abrupt transitions t§G'age parsing (Collins 1997; Charniak 2000; Hock-
stable adherence to the correct form for the targ&nmaler & S’Feedman 2_002)’ where sentences hand-
language. Yang (2002) offers a probabilistic accourﬁnnOtatEd with syntgct.lc trees are used to derive a
of this process in terms of classical Mathematicagrammar, and a.stat|s.,t|cal parser-mgdel. However,
Learning Theory. While Thornton & Tesan (2006)the child’s task is a little harder. First, they have

argue that changes they observe are too abrupt awdinduce the grammar from strings paired m, i
switch-like to support that particular model, prOb_ordered logical formsrather than language-specific

abilistic models in general are capable of approx<_)rdered derivation trees. That is, they have to work

imating catastrophic, switch-like behavior, so the)PUtWhiCh word(s) go With, Whi,Ch eI.ement(s) of logi-
should not be ruled out. cal form, as well as the directionality of the syntac-

The present paper uses a computational modté? categories (which are otherwise universally deter-
derived from work by Siskind (1996), Villavicen- mined by the semantic types of the latter). Second,

cio (2002), and Zettlemoyer & Collins (2005) towhile they do not seem to havg to deal with a greater
argue that the notion of parameter setting is met:?—m?(unt of ehr_ror_thgn IS foﬁnd e Pe(;\n V(;/SJI tr?ﬁ'
theoretical, and entirely redundant to the specifice?—_an (McWhinnie 2005), they may need to deal wit

tion of language learning of this kind. The only no_snuations which support a number of logical forms

tion of trigger that it requires is the notion “reason-Th'rd’ they need to be able to recover from tempo-

ably short sentence with an independently accesgri_lrywrong_lexmal a§5|gnment§ourth, they need to

ble meaning”. The only notion of language specifiéOIerateIeXICaI ambiguity

grammar it needs is the lexicon for the Ianguag% Previous Work

The only notion of universal grammar that it needs

is a universal mapping from each semantic type t8iskind (1995, 1996), Villavicencio (2002), and

the possible lexical types, together with a univerZettlemoyer & Collins (2005) offer computational

sal machine for merging or projecting lexical typesmodels of this process, the latter two explicitly us-

and their meaning representations onto grammaticalg CCG.

derivations. Siskind and Villavicencio make strong assump-
tions about the association of words with elements

is exactly what the child’s developmental behavio
looks like, once you know how to look at it. In par-




of logical form. Both make similarly strong as- of them meansvant and which meant’. They can

sumptions about universally available parametribe learned as a single itewant ta So can idioms

cally specified rule- or category- types, the latter asand multi-word expressions like “buy the farm,” and

suming a type hierarchy. Both deal with noise anttake advantage of”

homonymy probabilistically. As with Siskind’s version, lexical items can have
Both do the learning in two stages, first associattomplex meanings—corresponding for example to

ing logical forms with words, then inducing phrasecausatives, whose availability may diffeswim

structure rules (Siskind) or directional CCG cateacrossvs. traversera la nage across languages. No

gories (Villavicencio). notion of trigger distinct from that of “reasonably
However, there is no necessity to separate tr@mple string-meaning pair” is necessary.

two processes of associating meaning and syntac-It is possible to use the statistics of the lexicon

tic type. Zettlemoyer and Collins (UAI 2005) com-itself to implicitly represent “parameters” such as

bine the two in a single pass CCG induction algoverb-finality, via incrementally adjusted prior prob-

rithm. Crucially, their algorithm allowany contigu- abilities on the members of the set of universally

ous substringof the sentence to be a lexical item,available category types.

so that for the given logical form, the learner has to

search the cross-product of the substring powersét The Proposal

of the string with the set of pairs of legal categories\/e will assume as a theory of grammar a version of
with substructure powerset of the logical form, agombinatory Categorial Grammar (CCG, Steedman
in the example (9) below, for categories that yiel(pooob; Steedman & Baldridge 2006) in which all

combinatory derivations that yield the correct logi{anguage-specific information resides in the lexicon,
cal form. Learning is via a log-linear model usingand a universal set of combinatory rules including
lexical entries as features and gradient descent @iinctional composition and lexicalized type-raising

their weights, iterating over successive sentences g6 well as function application, projects strings of
a corpus of sentence-logical form pairs. lexical items onto meanings, and vice versa.

The algorithm as presented in 2005 learns The task that faces the child is to learn the cat-
only a very small rather unambiguous fragmenggorial lexicon on the basis of exposure to (proba-
of English, hand-labeled with uniquely identifiedply ambiguous, possibly somewhat noisy) sentence-
database queries as logical forms, and an Englisheaning pairs, given this universal combinatory pro-
specific inventory of possible syntactic categoryection principle, and a mapping from semantic
types in lieu of Universal Grammar. However,types to the set of all universally available lexical
Siskind's and Villavicencio's results already tell ussyntactic types.
that the algorithm should work with multiple candi- For a corpus of sentenc&s each with a number
date logical forms. Similarly, their results show thaif interpretationd;, each of which has an number of
a universal set of category types can be used withogérivationsDy, the relative frequency of a lexical

overwhelming the learner. entry @, o, for a word with phonologyp, syntactic
All of these models depend on availability to theategoryo and meaningu is given by:

learner of short sentencgmired with logical forms, (1)

since complexity is dete-rmined by a cros.s-producf(@,g’ W)= Z Z P(1;|S) Z P(Dkl;,S)-np, ({(@,0,W)
of powersets both of which are exponential in sen- T T

tence length. A number of techniques are availablgy Bayes’ Rule,

to make search efficient includiragsociation of in-
. ) . ; P(D,1,9
crementally adjusted Bayesian priors with category- 2 P(D|I,S = W
types @) ’
Because it allows multiword elements (MWE) to OPD,1,9)

be lexical entries, Zettlemeyer and Collins’ program We will assume thatP(D,1,S) is a generative
avoids the problem that two words which consismodel for an (exhaustive) parser, rather than the dis-
tently collocate, likewantandto fail to reveal which criminative model of Zettlemoyer & Collins. One




advantage of generative models besides their close-The course of language acquisition can then be
ness to competence grammar is that we can inveatcounted for as follows.
the parser model to define the probability of an ut- )
terance given a meaning. 4.1 TheFirst Few Words

As the acquisition process begins, this generativéonsider an adult-accompanied child at Piagetian
model corresponds to tiy g, the probability model Stage VI who has yet to learn her first word of such
of Universal Grammar, which we will assume fora grammar. She encounters a dog, and shows an in-
present purposes assigns uniform probabilities to eterest, but fails to grasp the word “doggie”. Later,
erything. This model can be regarded as a log-lineshe encounters sonmeore dogs The adult observes
model in which all weights\; are unknown and all the child’s evident delight, and says ‘DRE DOG
countsf; are zero. As the child is exposed to moresIES!.”
language, it updates the counts in a language spe-We can assume that the child has already learned
cific model P and adjusts a weight (0 < A < 1) some phonological regularities of the language, and
representing their confidence @ in particular is in a position to consider the possibil-
3 ity that the utterance consists of more than one word

P(D,I1,S) =APs(D,1,9) +(1—A)-Ry6(D,1,9) (Mattys et al. 1999; Mattys & Juszyk 2001).

B ) i What the child must do is consider the cross-

_ The probability of a lexical entry can be def'ne%roduct of every non-empty substriggf the utter-
interms of (1) as: ance “More doggies!” with every connected typed
4 _ f((g,0,W) subtermy of typeT the logical formmorédoggies,
() Pex((9.0.1)) si f({@.0o,1)) together with all syntactic categories that univer-
sal grammar allows for the semantic typef each
such subterm.

We might as a first oversimplification think of the
situation as follows:

The probability of a semantic intepretatippof type
T and a syntactic categorygiven a wordgis given
by
(5)

P —Pp P ~P P (9) a. The child thinks{morédogs)
(0’ ”TM)) (pq|(p) (G\Llr,(P) (UTM)) (0|T) b. The adult says: “MRE DOGGeIE$"

where c. All possible lexical candidates:
more:= NP/N : morez(eﬁtm
(6) P(k|9) = 3 Plex((9.0i, 1) NPAN : More gy )
T N: dogée’t)
and doggies:= NP/N mon{(eﬁt)’e)
NP\N : moré((e_t)re)
P _ P(o,1) N: dogszen
(alt) = P(1) more doggies:NP: (morédogs)e
P(o,1) All of these candidates are permitted by the uni-
- 5 P(ky,) versal lexical principles of UG. However, not all of
(7) = them are consistent with this utterance in this lan-

= S.3P E?‘E"T)G‘ ) guage. For some of them, such as doggR&AN :
')A moré((et)e, the universal syntactic projection prin-
_ 2 Ped(®,0, k) ciple of UG fails to offer any derivation yielding
i Y j Pex({®5, 07, 1)) NP : (morédogd)e. Such candidates may be sup-
Hence, crucially, we can obtain from the abovdorted by other utterances, but the present utterance

definitions the probability of uttering a wog such d0€s not give any information on them. They are
as “more” or “doggies”, given a logical form, therefore dropped from further consideration in this

such asmor%(e‘t) o by Bayes’ rule: cycle, leaving the following reduced set of candi-

The assumption that the child immediately considers the
© Po = P(We -P(@) P hypothesis that more is a determiner is particularly facked,

SiP(H@)-P(@) B SiP(H®) and will be reviewed later.




dates: (12) The Corpus:

(10) The child’s lexical candldates

more:= NP/N:more(,, . a. More doggies!
N : dogg, b. Bad doggies!
doggies:=  NP\N: mOfE‘((em c. More cookies!
N dogs(, d. Bad cookies!

more doggies:NP: (morédogé)e

For each of these candidates, if there is not aIreai/X
. : . 3) The Child’s Lexicon
a corresponding entry in the lexicon, such an ent

P(olp) is still always 1, so the lexicon is now

_ , ol f P(o, ultp) P(olw)
is added, with a zero count. Then for each candi- more:: NP/N: more(,, 2 050 050
date, its count is incremented by 1. Since we are N-O'O@Jée,t 1 0-25 0.25
assuming this is the first utterance the child has pro- N: COOkie% Y 1 025 025
cessed, the lexicon now contains two entries foreach ~ 0ad:= NP/N:bad(, . 2 050 050
of the words “more” and “doggies”, each with one N dogs, 1025025
. . N: cookle%e~t 1 025 0.25

count, aqd ?ne entry fqr tt]e holqphrastlc or multi- doggies:= NP\N - mor%oe 1 025 025
word entity “more dogglles , all with one count. If NP\N : bac{m)e 1 025 025
we assume that the various hypotheses afforded by N : dogs],,, 2 050 050
UG are equiprobable, then by (5) (or by inspection) cookies:= NP\N : more{ e 1 025 025
the conditional probabilitieB(o, /@) for the former NP\N : bad£<et; e' 1 025 0.25
categories are ag, while that for the latter is 1. N : cookies, ,, 2 050 0.25
Since for the example so fa?(o|p) is always 1, more doggies:\P: (morédogd)e 1 1.0 1.0
bad doggies:=NP: (baddogd), 1 1.0 1.0

) L o (
we have the following probabilistic lexicon: more cookies:NP: (morécookiedlel 10 1.0
(

(11) The Child's First Lexicon bad cookies:= NP: (badcookie$)e 1 1.0 1.0

¢ o,u f P(o,ue) P(l) At this point, the child is exponentially less likely to
more.= EPQN MOre( (g ¢) ) i 0'2 8'2 generate “doggie” when she means “more”. By con-
doggies:= NF‘,\ISQ?SQFE% 1 0'5 0'5 templating the definition (8), the reader should be
= : @08 : : _ . .
N : dogs], 1 o5 o5 abletosatisfy themselves that this effect will be even

more doggies:NP: (morddogd)e 1 1.0 1.0 Stronger for more realistic corpora in which the fre-
quency distribution of words is highly skewed, with
open class words like “doggie” being exponentially
arer (hence with lower values f&@)) than closed

lass words like “more”. Experimental sampling by

Since the word counts and conditional probabil-
ities for “more” and “doggies” with them meaning
more ., ) are all equal at this stage, the child may

well make errors of overgeneration, using some ael citation of child utterances during such exponen
proximation to “doggies” to mean “morée”. icitatl na-u uring su xp

However, even on the basis of this very under tial extinction may well give the appearance of all-
specified lexicon, the child will not overgenerate gor-none setting of parameters like NEG-placement

“*doggies more”. Moreover, further observatlonsan_?ﬁro Idrop clalmled dby Thorntsnjﬂgssnl (2?10%)t
involving utterances like “Bad doggies!” “More IS lexicon Includes non-standard holophrastic

cookies!”, and “Bad cookies!”, with further updatesIeX|caI items such as “more doggies”. Such spuri-

to frequency counts, will rapidly lower the estimated’"> lexical entries can later be pruned if necessary

conditional probability of the spurious hypotheseé)n grounds of low relative frequency in the corpus as

concerning categories and substrings in comparis Whor:el alﬁng \tNItT the Tpturlous enr:rles “'l\\:leverthe—
to the correct ones, indicated in bold type, as fol- ess, holophrastic lexical items such as gone,
lows: may be sufficiently common as to be useful in their

own right, and persist in the developing lexicon in

This effect is related to the “winner-take-all” effect ob-
2The example is constructed, but was inspired by being tolderved in Steels’ 2004 game-based account of the otherwise
of a case in real life when this particular error appears t@®ha rather different process of establishing a shared vocabula
occurred (C. Urwin, p.c.). among agents who have no preexisting language.




parallel with their components. (16) a. SOV := (S\NP)\NP: AxAy.seéxy
It is of course possible that the adult will on oc- b. SVO := (S\NP)/NP: Ax\y.seéxy
casion mistake the proposition that the child hasin  c. VSO := (S/NP)/NP: AyAx.seéxy
mind, or that the child will choose such a proposition d. VOS := (S/NP)/NP: AxAy.seéxy
wrongly, leading to false lexical associations. How- e. OVS := (S/NP)\NP: Ax\y.seéxy
ever, provided the two get it right most of the time, f. OSV:= (S\NP)\NP: AyAx.seéxy
the same process of Bayesian re-estimation of cofrhe decreasing frequency of these orders appears to
ditional probabilities of these lexical hypotheses fofeflect two independent defeasible constraints. One
each word will allow the latter to arrive at a correctfayors linearization of subject before object. The

lexicon. other favors keeping the syntactic command rela-
o tions between subject and object as reflected in or-
4.2 Transtives der of combination the same as those in the logical

Up till now, we have been able to ignore the influform.?

ence of the childs estimate of the prior conditional Since (15b) violates the second of these con-
probability P(a|t) of a syntactic category given astraints, we are justified in assuming it has a lower
semantic type in calculatin@(o;, @) in comput- prior. Thus the child faced with the pair (14) effec-
ing (5), the probability of a syntactic and semantidively has only one candidate category for the tran-
category given a word, because the examples hagtive verb. However, this does not exhaust the prob-
only admitted one syntactic category per semantiem of learning transitive verbs, because a context
type per word. may support more than one category.

However, unlike intransitive predicates and the .
determiner category considered in section 4.1, trarlll'-'3 Contextual Ambiguity
sitive verbs as presented in examples like the followMany languages, perhaps all, allow a number of lex-
ing could in principle be assigned either of the twdcal alternations of transitives, as in the case of En-
syntactic categories in (15), both of which support glish “chase/flee” where the same physical situation
derivation of the logical forn: seems to support more than one logical form. How
do children faced with examples like the following
avoid the error of making an OVS lexical entry for

(15) a. see :=(S\NP)/NP: Axy.seéxy “flee” with the meaning-hasé?
b. see :=tS/NP)\NP: AyAx.seéxy (17) Pussies flee doggies!

No SVO language/construction has ever been seri- ¢ js imnortant that examples of the verb class of
ously argued to have a surface syntax correspondifghicp, «fiee is the most common representative are
to the second category. We can therefore safely aSre | particular, in comparison to 162 occurences
sume either that it is not included in the universal sel¢ inflected forms of the verb “chase.” there is ex-
of possible syntactic categories for interpretations Oéctly one occurrence of any form of “flee” in the en-
type (€ (6 1)) atall, or that it has an extremely IoW (ire ‘o)L DES corpus. We are therefore justified in
prior probability. _ assuming that the child will have encountered plenty
Specifically, we will assume that the universallyy nambiguous transitive verbs in utterances like
permitted set of transitive categories is the foIIow-(14) before encountering examples like (17).
ing, corresponding to the six basic constituent or- This means that the probability of the cate-
ders, here listed in order of decreasing frequency %rory type (S\NP)/NP : (e er)) Will be substan-
attestation of the order in question. tial at the time they eventually do encounter (17)—

(14) |1see you! :=S: seéyoui’

“We continue to assume for the sake of simple expositionrder languages simply have more than one of these catsgorie
that there is only one logical form supported by the context. °®Two of these categories, VSO and OSV, “wrap” their most
In particular, we assume that the corresponding passivetis noblique argument O(object) around their least oblique et
salient, or that if it is it has a distinct logical form frometh S(ubject). (These categories are forced under the accoant o
active. We will abandon these restrictions later. gument cluster coordination and the restriction to the domb

*We assume, following Baldridge (2002), that free word-torsBTS in CCG—Steedman 2000b).




for the sake of illustration let's conservatively as4.4 A More Realistic Lexicon

sume they have seen 1000 tokens—and adds of&pgren's exposure to language were merely con-
count each for these two categories. I thafneq 1 recitations of propositions they already had
case, by (5), sincé(ix|¢) |szt5hlgoosame for both, i mind, it would be a dull affair. It is not even clear

and P((S\NP)/NP"flee”) is S5~ = .25, while \y they would bother to learn language at all, as

P((S/NP)\NP/'flee”) is £5; = .00025, the lexical Ciark (2004) points out in defence of a PAC learn-
probability for the two entries stand in a ratio ofing mogel.

1000:1. However, the worked example above is delib-
Thus, provided the adult’s intended meaning iserately simplified in respect of the child’s syn-
availablg even if with low prior probability, then the 5% and semantics. We know from Fernald et al.
child is in a position to assign the correct hypothesiaggg) and Fernald (1993) that infants are sensi-
a high probability. (Even if it is not available, the je to interpersonal meanings of intonation from
child will assign a low probability to the spurious 4 very early age. In English, intonation contour is
lexical entry forchase.) used to convey a complex system of information-
Gleitman 1990 has described the process byyyctural elements, including topic/comment mark-
which the child resolves contextual ambiguity agys and given/newness markers (Bolinger 1965; Hal-
“syntactic bootstrapping,” meaning that it is thejigay 1967; Ladd 1996), and is exuberantly used in
childs knowledge of the language-specific grammagpeech by and to infants. It is this part of the mean-
as opposed to the semantics, that guides lexical ggy that constitutes the whole point of the exercise
quisition. However, in present terms such an influggr the child, providing the motivation that Clark

ence on learning is simply emergent from the Stati%q‘uestions.
tical model used in semantic bootstrapping. We will g, example, it is likely that the child’s repre-
return to this point in the Discussion. sentation of the utterance “ORE DOGGIES is
Like the related proposals of Siskind; Villavicen-more like (18), which uses the notation of Steed-
cio; Zettlemoyer & Collins and the somewhat dif-,5 2000a, 2006b, in which [S] represents speaker
ferent probabilistic approach of Yang 2002, this Promodality (contributed by the LL% boundary tone),
posal considerably simplifies the logical problem ob indicates a rheme or comment (contributed by
language acquisition. In particular, it allows us tqpe H* pitch-accents), * marks emphasis or kontrast
eliminate the Subset Principle of Berwick (1985)a1s0 contributed by the pitch-accents), and the cat-

and attendant requirements for ordered presentatigiory NP is “type-raised”, indicated by the annota-
of unambiguous parametric triggers, both of whichjgn NP7

appear to present serious problems for the language
learner (Angluin 1980; Becker 2005; Fodor & Sakazls) |_|_!%

2005). Nor does this move contradict widely-held NPL Xo\ Yo

assumptions concerning the “poverty of the stimu- ;;\p‘p(*mor‘g*dogg) ;;\gﬁ[sm g

lus”, anq in pa.rtlcular the unayallablllty to the child NP’ - [SpAp.p(* more*doge)

of negative evidence. The child’s progression from ..Mum‘ﬁny makes the property afforded by more dogs
the universal superset grammar to the language- common ground.”

specific target grammar is entirely determined by The set of type-raised NP categories licenced by
positive evidence raising the probability of correctUG that is schematized in (18) &P' denotes the
hypotheses at the expense of incorrect ones. The et of all order-preserving functions over functions-
correct hypotheses that are eliminated in this wagver-NP onto the results of applying those functions
include any that are introduced by error and nois&e the original NP. It includes categories of the fol-

The only evidence that the child needs in order tfowing two forms, where T is a variable over all cat-
learn their language is a reasonable proportionofut-

. . . . . 7 1
terances involving sentences which are sufficiently The term kontrast, due to Vallduvi & Engdahl (1996)
. eans much the same as Halliday’s “new”, and is so spelled
short for them to deal with. to distinguish it from other notions of contrast, in partanany

distinct notion of “topic contrast”.

MORE DOGGIES
Hx Hsx




egory types:: Fisher points out that the L intermediate phrase
(19) T/(T\NP): ApAX.px bour_ldary t_hat she obse_rved gfter the_verb makes
. the intonation structure inconsistent with standard
T\(T/NP) : ApAX.px ) -
_ assumptions about surface constituency. However,
We also “need the ’Tollowmg_ related non-orderys jntonation structure is isomorphic to the CCG
preserving “extracting categorlles, In Whih in- yerivation above, which delivers the corresponding
dicates a distinct type of clause: theme/rheme information partition directly.
(20) S\(S\NP) : ApAx.px Thus, here too, the availability of the full semantic
S/ (S/NP) : ApAx.px interpretation, including information-structural in-

While, up until now, we have only seen one Syr]formation, directly reveals the target grammar. In

tactic type per semantic type in the child’s lexicorfS case, since the derivation requires the use of
for English, in general a single semantic type maj'® forward composition rule, indexeeB, the child
be realized by many syntactic types in a single larf€ts information not qnly about the probak?lllty of
guage, and this is the case for English NPs. Suéne'verb, the pomlnatlve, and the accusatlv.e. cate-
ambiguity is perfectly compatible with the learning8°"1€s of English, but also about the probability of
procedure defined earlier and exemplified at (13): #PPIYINg the composition rule to the first two cat-
just means that there will be several categories withd0ries. the probability that the subject of “like”
substantial conditional probability maB$o|¢) will be headed by “you”, and its object be headed
It may seem surprising that a language should aPy “doggies”. Thus, the child can build the parser
low so much ambiguity in such a basic linguistic catModel in parallel with learning the grammar. (In-

egory type as NP. However, this is simply the samdeed, the grammar and parser model are essentially

proliferation of syntactic types that would be dis-°"€")

ambiguated in a language with overt morphologica}l5 Smoothing and Generalization
case English just happens to be a language which o )
has so-called structural case, implicit in linear or* Standard assumption in wide-coverage parsing us-

der. We shall see that the child will not find this a"9 treebank grammars is that the grammar must

problem. But first we need to consider the role oP€ 9eneralized and the statistical model must be
intonation in the child’s grammar. smoothed with respect to unseen words and word-
While intonation has been shown to be even morg2€gory pairs.  Since all language-specific infor-
markedly discrepant from traditional syntactic strucMation in CCG resides in the lexicon, this amounts
ture in child-directed and child-originated speecfi© Predicting unseen word-category pairs and head-
(Fisher & Tokura 1996; Gerken et al. 1994; GerkefléPendencies. _ _ _
1996) than in adult dialog, in CCG intonation struc- Generalizing grammars is a tricky business:
ture is united with a freer notion of derivational F0dor & Sakas offer as an example the observation
structure. Consider the child in a similar situatioffat the child should assume on the basis of seen
faced with the following utterance, from Fisher & topicalizations in English that all NPs can undergo

Tokura (1996) as discussed in Steedman 1996: topicalization. However, they should not assume on
the basis of observations of negative placement with

(21)  You HRE L the doggies!  repect to auxilliaries that the same process can apply
S/SINP) (SNPINP Y\ X Sp(Sy/NRy  foall verbs.
:Appyod  *like’  :AgmSn g :[SnAqg.q dogé This problem looks rather different from the
S/NP:)\x.*likexySL? present perspective. Since we are learning a prob-
Sp/NPy : [SpAx.*like'x you abilistic instance of universal grammar, the gram-
S ([SBAp.p dogd)([SpAx*like'x you) mar is already generalized, and predicts all pos-

--------------- S lkeldogdyod T sible word-category pairs. Since topicalization is
“Mummy supposes what property the dogs afford to bed lexically-specified contruction in CCG, when the
common ground, Mummy makes it common ground it'schjld hears the following as its first example of the

me liking them.” . . . . .
¢ construction, it still has available all possible cate-




gories for “doggies”, including the preposing topi-standard orders like “Allgone milk”. Or “all gone”

calized one that supports this derivation: may be misanalysed as a proto-determiner like “no

(22) DocGiES you LIKE | more. The_se guestions are much harder to inves-
L+Hx LH% H>*B LL% tigate. While one can annotate corpora such as
Stopy/ (Sp/NPy) CHILDES with logical forms, as Villavicencio did,
[H]6Ap.p*dogs Sp/NP one has very little idea of what relation such logical

]
: AX.* like/ u . .
Sp: ([H]6AP.p dogé)(EZ)\x |I-kee/x y(;lf) forms bear to a psychologically real adult semantics,
: . x.*like'x 'y

........... S o !et alone a child’s. This fac-t makes quantitative test-
“| suppose what prope%t)ydogs (as opposed to somethiH&g of the present theory _dlfjflcult. . Lo
else) afford to be common ground, Mummy makes it One we way around this is to do linguistics, med-
common ground it's me liking them.” itating on the huge collection of phenomena to do
So the conditional probability of this category givenwith binding, case, classification, tense and aspect,
this typeP(Stop,/(Sy/NPy)|((e 1),t) will grow and  and so on, that seem to dimly reveal an underlying
become available to other words, supporting genesystem of meanings, in the hope of discerning the
alization. real semantics. This is a very hard problem, and
We must correspondingly assume that the norprogress seems slow.
generalization of the negative category is based on Another alternative is to investigate the ques-
a semantically distinct type of verb. tion qualitatively, using simulated language learn-
ers. Since everyone believes that the semantics is
determined by the child’s sensory-motor experience

One might ask at this point how the child or ma-of acting in the physical world, thig makes_ the use
chine comes to have access to the logical forff Physically grounded robots particularly interest-
morédogd (or whatever), and why she does notnd. Projects of this kind are under investigation by a
entertain other candidates, suchrasrétails. As number of groups, including those led by Luc Steels,
Quine (1960) pointed out, this is a different kindPeP ROy, and Geert-Jan Kruijff. These groups are
of question, whose answer lies in the nature of thl@0King at emergence of agreed vocabulary among
child’s sensory-motor interactions with the world Prelinguistic agents (Steels & Baillie 2003; Steels
and depends as much on mammalian evolution 2904). plans and plan-recognition as a basis for sit-
on learning in the individual child. uated language understanding (Roy 2005; Gorniak
Nevertheless, this observation carries a warnin§ R0y 2007), and context-dependent spatial mod-
that the semantics that emerges from that intera€lS for natural language semantics (Kelleher et al.
tion and those evolutionary processes may be veRP06). However, these projects so far rely on forms
unlike the semantics that naive logicist assumptiorfé Sémantics that are designed top-down, using the
suggest. For example, the logical form that th&obot tasks as a forcing function, rather than on a se-
child brings to (21) is likely be something moreMantics developed bottom-up from action represen-
like givepleasuréyoudogd, so that the lexical en- tations themselves. Delivering semantic representa-
try for “like” of type (e, (e t)) is the following, ex- tions that are grounded in the same sense that mech-
hibiting the same “quirky” relation between (struc_anisms developed over hundreds of millions of years

tural) nominative case and an underlying dative rol@f €volution is much harder. Steedman (2002b,a) ar-
that Icelandic exhibits morphologically for the cor-9ues that the combinatoBs and T that do most of
responding verb: the projective syntactic work in CCG are directly re-

) , lated to operations of seriation and affordance in the
(23) like :=(S\NP)/NP: Mxhy.givepleasurey X panner. This suggests that mechanisms for state-
Similarly, it is quite possible that the childs initial based reactive planning of the kind investigated by
representation of the meaning of “more” is as a pred?etrick & Bacchus (2002, 2004) may offer a way
icate S/NP: more and that it is the resulting prior towards a more distinctively action-based semantics
on the conditional probability?(S/NPje — t) that for natural language (cf. Steedman 2006a, Geib &
is generalized to “allgone”, leading to transient nonSteedman 2007).

5 Gavagai!




6 Conclusion rules over independently learned parts of speech, in
present terms, lexical categories.

This paper has argued that syntax is learned on It differs in assuming that the unordered logical

the basis of preexisting semantic interpretations aferm for the utterance is mostly available, with toler-

forded by the situation of adult utterance, using able degrees of error and ambiguity. This means that

statistical model over a universal set of grammaticahe problem of syntactically ambiguous sentences to

possibilities. The existence of the model itself helpsvhich STL is heir does not arise.

the child to rapidly acquire a correct grammar even It also differs in the algorithm by which it con-

in the face of competing ambiguous semantics.  verges on the target grammar. Rather than learning

The fact that the onset of syntactically productules in an all or none fashion on the basis of un-
tive language at the end of the Piagetian sensorgmbiguous sentences that admit of only one analy-
motor develomental phase is accompanied by an esis, it adjusts probabilities in a model of all elements
plosion of advances in qualitatively different “opera-of the grammar for which there is positive evidence
tional” cognitive abilities suggests that the availabilfor all processable utterances. In this respect, it
ity of language has a feedback effect, facilitating acmore closely resembles the proposal of Yang (2002).
cess to concepts that the child would not otherwiselowever it differs from both in eschewing the view
have access. Early work by Oléron (1953) and Furttihat grammar learning is parameter setting.

(1961) on specific cognitive deficits concerning non- In equating language-specific grammar with a
perceptually evident concepts arising in deaf chilstatistical model for parsing with universal gram-
dren who had been linguistically deprived by beingnar, the proposal bears an intriguing relation to the
denied access to sign supports this view. Maximum Spanning Tree (MST) parser (McDonald

This means that Gleitman’s (1990) influentialet al. 2005; McDonald & Pereira 2006b,a). This
suggestion that it is the availability of syntax thafparser searches for the maximum-valued spanning
enables the child to “syntactically bootstrap” lexicatree-forming subgraph of a totally connected graph
entries for verbs (such as “think”) that are not situaever the words of the string, using a perceptron-like
tionally evident is essentially correct. However, wemaximum-margin discriminative model trained us-
have seen from the case of learning the verb “fleetig pairs of strings and dependency trees. It has
in the face of competition from the meaniogasé been applied to parsing “non-projective” or long-
that it is the availability to the child oA model of range dependencies, including crossing dependen-
the relation between language-specific syntax ancies. It works best when the features over which the
universal semanticthat makes this possible. It fol- model is trained are grammar-like features such as
lows that the effects observed by Oléron and Furthposition with respect to the verb, or morphological
and Gleitman herself must have the charactatdiof features. In particular, Cakici (2007) has shown that
recting the child’s attentiorto alternatives that are using CCG categories as features in a dependency-
available to them, but which they would otherwisemodel of Turkish improves performance over the
overlook, by sheer force of Bayesian priors on théaseline in McDonald & Pereira (2006b). MST
conditional probabilityP(o|t) of a syntactic cate- could therefore be seen as offering an alternative,
gory given a semantic type. In that sense, we shouttlscriminative, version of the present approach, ac-
probably refer to this effect as “grammatical” boos-cording to which it could be used to learn weights
trapping, since it is an effect that is both syntactidor a language-specific set of features or categories
and semantic. drawn from a larger universal set.

The theory presented here resembles the proposallf the parameters are implicit in the rules or cat-
of Fodor 1998 as developed in Sakas & Fodor (200Bgories themselves, and you can learn the rules or
and Niyogi (2006) in that it treats the acquisitioncategories directly, why should the child or the the-
of grammar as in some sense parsing with a unéry bother with parameters at all? For the child, all-
versal “supergrammar”. As in that proposal, bottor-none parameter-setting is counterproductive, as it
parameters and triggers are simply properties ofill make it hard to learn the many languages which
the language-specific grammar itself—in their casdiave inconsistent settings of parameters across lexi-




cal types and exceptional lexical items, as in German North American Chapter of the Association for
and Dutch head finality, and English expressions like Computational Linguisticspp. 132-139, Seattle,
the following: WA.

(24) Doggies galore! Clark, A. (2004). Grammatical inference and first
language acquisition. Ii€oLing Workshop on
Psycho-computational Models of Human Lan-
guage Acquisition

Therefore, the fact that languages show violable ten-
dencies to consistency for values of parameters like
headedness across categories for related semanti
types such as verbs and prepositions probably steftark, R. & Roberts, 1. (1993). A computa-
from considerations of overall encoding efficiency tional model of language learnability and lan-
for the grammar as a whole, of the kind captured 9uage changelinguistic Inquiry, 24, 299-345.

in notions like Minimal Description Length (MDL). Collins, M. (1997). Three generative lexicalized
Such considerations may be relevant to comparing models for statistical parsing. IRroceedings of
entire grammars for the purpose of explaining lan- the 35th Annual Meeting of the Association for
guage change, as in the work of Briscoe (2000). Computational Linguistics, Madrjdpp. 16-23,
Their presence will under the present theory make San Francisco, CA. Morgan Kaufmann.

the task of learning easier, by raising prior prObab”Crain, S. & Thomton, R. (1998)Investigations in

ities in the model fqr _rules and categories that a(_:tu- Universal GrammarCambridge MA: MIT Press.
ally do recur. But it is less clear that representin

them explicitly, rather than leaving them implicit in
th model, will help the individual child learning a
specific grammar, word-by-word.

?:ernald, A. (1993). Approval and disapproval: In-
fant responsiveness to vocal affect in familiar and
unfamiliar languages. Child Development64,
657—667.
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