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Abstract

We present a hierarchical Bayesian framework for modeling he
acquisition of verb argument constructions. It embodies a @main-
general approach to learning higher-level knowledge in thedrm of
inductive constraints (or overhypotheses), and has been &l to ex-
plain other aspects of language development such as the shapbias
in learning object names. Here we demonstrate that the same odel
captures several phenomena in the acquisition of verb consictions.
Our model, like adults in a series of arti cial language leaning experi-
ments, makes inferences about the distributional statistcs of verbs on
several levels of abstraction simultaneously. It also prodces the qual-
itative learning patterns displayed by children over the time course of
acquisition. These results suggest that the patterns of gesralization
observed in both children and adults could emerge from basiassump-
tions about the nature of learning. They also provide an exanple of
a broad class of computational approaches that can resolve dkers
Paradox.



1 Introduction

Human learning operates on multiple levels, from the inductioof informa-
tion idiosyncratic to particular items to the abstraction of general patterns
or rules. A classic example of this can be found in the acquisitiand use
of verb argument constructions. In every language, di erenterbs take ar-
guments in distinct constructions; for instance, the verbdoad is associated
with two distinct locative constructions, as illustrated in the sentences "He
loaded apples into the cart' and "He loaded the cart with appse’ However,
not all verbs can occur in all constructions: *'He poured the cawith ap-
ples' and *'He lled apples into the cart', while perfectly undrstandable,
are nevertheless ungrammatical. Speakers also generalizeitlhisage of con-
structions beyond the set of verbs in which they have been encuered.
Gropen, Pinker, Hollander, and Goldberg (1991) demonstratdatiat children
would spontaneously produce sentences such as "He is mooping kb evith
marbles' when introduced to the novel verb ‘'mooping’ in the etext of an
experimenter placing marbles into a sagging cloth. This aliy to general-
ize verbs to unattested constructions suggests that verb-geaeknowledge
about construction usage exists in tandem with knowledge abouatterns
speci ¢ to individual lexical items.

Further empirical support for the idea that people are sensit& to infor-
mation on both the specic and the general level comes from tHéerature
on sentence processing. Verb-speci ¢ syntactic biases about whstructures
are likely to follow individual verbs have strong e ects on ral-time process-
ing (e.g., Trueswell, Tanenhaus, & Kello, 1993; Snedeker & Tesawell, 2004).
People are sensitive to verb-general e ects as well: for instza they will
sometimes interpret nouns occurring after a verb as a direcbfect, even if
that particular verb does not take direct objects (Mitchel| 1987). This ef-
fect is more common if the verb is low in frequency. The idea &h learning
occurs at both the item-speci c level and at varying levels ofeneralization
is also in line with the approach taken by "usage-based' theasief language
acquisition (Tomasello, 2003; Goldberg, 2006).

How is verb knowledge on multiple levels acquired? An experimteby
Wonnacott, Newport, and Tanenhaus (2008) suggests that bothJels can be
learned on the basis of distributional statistics about syntacti information
alone. Adults were presented with novel verbs and constructisrin one of
two arti cial languages. Those taught what Wonnacott et al. (D08) termed
the Generalist language saw eight verbs, all of which occurred both of



two novel constructions; in the Lexicalist language, each of ¢height verbs
occurred in only one construction. Subjects were capable efarning verb-
speci ¢ information about the construction patterns of eachndividual verb.

They also acquired verb-general information, both about thelistribution

of each construction across the language as a whole as well asutlthe

variability with which individual verbs matched that distribution. Speders
of the Lexicalist language assumed that a completely novel vedould occur
in only one construction, while speakers in the Generalist langge were
happy to generalize it to both (with a bias toward the overallmost frequent
construction). This suggests that not only are people capabld &earning
some verb alternations on the basis of syntactic information @he, but also
that they make inferences about distributional statistics on seeral levels of
abstraction simultaneously. Similar results have recently baefound with 5

and 6 year olds learning a language (Wonnacott & Perfors, 2008 which

nouns co-occur with “particles' in patterns analogous to theerb/construction

co-occurrences in Wonnacott et al. (2008).

These results pose a challenge to existing accounts of verb counstion
learning. Most theories address the issue of learning verb-geaieknowledge
in terms of making abstract generalizations about verb classes construc-
tion types { corresponding, for instance, to the realization hat the dative
alternation is associated with certain features and not other The issue of
learning on a higher level of abstraction { making inferenceabout the sort
of feature variability one would expect across verbs or consttions in lan-
guage in general { has not been considered. The results of thepexkment
by Wonnacott et al. (2008) suggest that listeners are highly setise to
distributional cues and can use them to make productive gendimations in
language. Yet we do not know exactly how useful this sort of le@ing would
be given more naturalistic data.

More generally, we do not yet have a precise, rigorous accousft how
learners might be able to combine abstract inferences abowtature variabil-
ity with verb-general insights on the level of construction tpes and verb-
speci ¢ acquisition on the level of individual lexical items. @n this be done
in a way that is consistent with decades' worth of evidence abottow verb
constructions are acquired by children?

In this paper we present a computational model that addressesishprob-
lem, explaining the acquisition of verb constructions as a ranal statistical
inference. We use a hierarchical Bayesian model for the acqtigsi of over-
hypotheses that has previously been applied to other aspects adgnitive
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development, such as acquiring the shape bias in word learni(emp, Per-
fors, & Tenenbaum, 2007). We demonstrate that this model captes the
results of the arti cial language learning experiments and lao that, given
naturalistic data, it accounts for several other characterist phenomena ob-
served in the verb acquisition literature. This work demonstries how the
patterns of overgeneralization observed in both children'speech and adult
behavior might emerge from basic, domain-general assumptioabout the
nature of learning. It also suggests a possible resolution to BaleParadox,
and explains some of the qualitative learning patterns dispjad by children
over the time course of acquisition.
Before presenting the particulars of the model, we will rst swate it

in terms of important issues that emerge from the study of verb gument
constructions.

Baker's Paradox and the puzzle of verb learning

Much of the current work on the acquisition of verb constructios can trace its
motivation to a more general learning problem { being able taule out unseen
examples as ungrammatical, while still being able to produetly generalize.
We can illustrate this with the phenomenon of construction akrnation, an
example of which is shown in Table 1. Given that many verbs in Efish
occur in both the prepositional dative (PD) and direct objectdative (DOD)
constructions, it may seem natural to conclude that all verbs it occur in
one are also grammatical in the other. Unfortunately, this gearalization,
known as the dative alternation, does not always apply: fonstance,confess
is grammatical in PD syntax (‘Jonathan confessed the truth to Dag') but not
in DOD (*'Jonathan confessed Doug the truth’). Despite never hang been
explicitly taught that confessis ungrammatical in the double object dative
{ and even though a near-synonymtell, is grammatical { uent speakers of
English appear to have no trouble avoiding the incorrect formThis poses a
learnability puzzle, sometimes referred to as Baker's Pared (Baker, 1979;
Pinker, 1989), which is a classic negative evidence problenmovhdo children
know that some unobserved pattern is ungrammatical, rather #n simply
not yet heard?

Although there is some evidence that children receive some naga evi-
dence in the form of statistically di erent reactions to ill-formed utterances
(e.g., Chouinard & Clark, 2003), it is unclear how they mightbe able to
make use of this sort of evidence to resolve Baker's Paradox; aletyle
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Table 1: Constructions in the dative alternation.

Construction name Abstract form Example
Prepositional dative (PD) NP; V NP, to NP3 Debbie gave a pretzel to Dean.
Double object dative (DOD) NP; V NP3 NP, Debbie gave Dean a pretzel.

ideal learner would not be able to converge onto the corrednguage given
statistical evidence of this sort (Gordon, 1990), and as yet waeaunaware
of any formal, concrete proposals for what sort of learner call It is also
evident that children do not solve the problem through a stratgy of conser-
vatism, as suggested by the Subset Principle (Berwick, 1985), sinthere is
a vast quantity of evidence suggesting that human learners doergeneralize
verb argument constructions (e.g., Pinker, 1989).

One possibility is that there might bepositive evidence about which verbs
enter into an alternation, in the form of morphological, phaological, or se-
mantic features that are correlated with the verb's syntax (a., Pinker, 1989;
Morgan & Demuth, 1996). This "bootstrapping' hypothesis wodl overcome
the learnability problem by providing one or more featureshat the child
could use to distinguish between verbs that do and do not occur & given
alternation (Mazurkewich & White, 1984; Pinker, 1984). In &ct, there is
a strong correlation between verb meaning and the syntactic sictures in
which verbs occur (Fisher, Gleitman, & Gleitman, 1991). Fornemple, while
both PO and DOD syntax are associated with the meaning of transfeDOD
is speci cally associated with the notion of transfer of possessiomhus verbs
which clearly depict transfer of possession are more likely to @ecen the DOD
construction than verbs which depict motion; children are ideed sensitive
to these cues when generalizing with novel verbs (Gropen, Rar, Hollan-
der, Goldberg, & Wilson, 1989; Ambridge, Pine, Rowland, & Youy, 2008).
However, such cues do not provide su cient conditions for verb sage: for
example, it is not clear whykick but not carry occurs in DOD syntax, when
a kicking action is not inherently more likely to result in transfer of posses-
sion than a carrying one. Although some researchers have claintbdt more
ne-grained semantic and/or morpho-phonological distincbns can capture
verb syntax (Pinker, 1989), others have pointed out the classglusion cri-
teria are inconsistent (Bowerman, 1988; Braine & Brooks, 199&oldberg,
1995). Thus the learner must still acquire lexically based exggons { and
thus the learning "paradox’ remains. Moreover, it is demonsbly di cult to
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ascertain the meaning of many verbs based simply on environmahtontin-
gencies and co-occurrences (Gleitman, 1990; Gillette, Bhean, Gleitman,
& Lederer, 1991).

Another hypothesis, originally contributed by Braine (1971),suggests
that learners might be able to use indirect negative evidencaferring that
if a certain form does not occur given enough input, then it iprobably un-
grammatical. One way this might occur is through pre-emptio: if a verb is
encountered in one construction, when another, more felioits construction
would provide the same information, the pragmatic conclusiowould be that
the unseen construction is actually ungrammatical (Goldbergl995). Chil-
dren 4.5 years and older appear to be receptive to this sort afformation
(Brooks & Tomasello, 1999), but as of yet there is scant data fno younger
children.

Another form of indirect negative evidence is entrenchment {he idea
that the more often a verb is observed in one or more construciis, the less
likely it is to be generalized to new ones (Braine & Brooks, 189 Con-
sistent with this notion, both children and adults are more likely to rate
overgeneralizations as grammatical if they occur with lorequency rather
than high-frequency verbs (Theakston, 2004; Ambridge et al2008). Even
children as young as two and a half to three years of age are séwsito
frequency; the less frequent a verb is, the more likely childreare to produce
overgeneralizations (Brooks, Tomasello, Dodson, & Lewis, 199@atthews,
Lieven, Theakston, & Tomasello, 2005). Note that using this typef indirect
evidence doesiot require the child to make pragmatic judgments involving
knowledge of the felicity conditions associated with constrtions. Rather,
they are required to make inferences from patterns of usagekd frequent
occurrence in one construction but not the construction beingonsidered)

Both entrenchment and pre-emption can be understood in ternasf com-
petition: repeated usage of a verb in some construction(s) may siuthe

LA closely related notion is what Goldberg (2006) calls \statistical pre-emption." This
conception of pre-emption emphasizes statistical inference based on frequently encounter-
ing a verb in one construction when its use in another would satisfy the functional derands
of the situation. Goldberg argues that statistical pre-emption only occurs betweenfunc-
tionally related constructions, in contrast to some views of entrenchment, vhich suggest
that repeatedly encountering a verb inany construction can lead to its being “entrenched'
in that construction, thereby preventing its extension to new structure (Braine & Bro oks,
1995). Since none of the models we consider in this paper have semantics associated
with constructions, we do not distinguish between the entrenchment and the statistcal
pre-emption hypotheses here.



usage of that verb in another, competing, construction (see aldétacWhin-
ney, 2004). The model presented in this paper formally instaiates a version
of competition and, in addition, incorporates the ability o learn about the
variability of construction usage. This higher-level learmg may constrain
the extent to which the usage of the verb in one construction shisblock
its usage in the other.

Bringing it all together

Our goal in this paper is to present a learning mechanism whicheuats the
following criteria:

1. It learns abstract knowledge about the variability of verlzonstructions,
as in the Wonnacott et al. (2008) experiment.

2. It solves Baker's Paradox, learning the correct alternatin pattern in
the absence of explicit correction, but without requiring diect negative
evidence or employing a strategy of strict conservatism.

3. It combines verb-speci ¢ information about individual leical items
with verb-general information about construction-based ckses of verbs.

4. It productively overgeneralizes verb constructions, and imore likely
to do so if the verb in question is low in frequency.

5. It is capable of combining information from multiple featires, such as
semantic as well as syntactic cues.

We present a domain-general hierarchical Bayesian model théil lls
these desiderata. It explains how abstract inferences abouatare variability
may be combined with verb-general acquisition on the level abnstruction-
based verb classes and verb-speci ¢ knowledge on the level ofiwdlal
lexical items { and does so in a way that also captures the othemglita-
tive learning patterns found in the literature. In Study 1 weaddress the
rst desideratum by presenting our model with the same arti ciallanguage
input received by adult subjects in the experiments. Study 2 daeonstrates
that when given input representing the syntactic distributionof verbs occur-
ring in the dative alternation in a corpus of child-directedspeech, our model
qualitatively captures the nal three desiderata. These restd are especially
interesting in light of the fact that our model was originallydeveloped to cap-
ture the emergence of feature biases in word learning, rathéran anything
particular about verb learning or verbal knowledge at all. ially, in Study 3
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we explore how learning is a ected by semantic information lieg added to
the input. Though extra-syntactic cues are not necessary to rdse Baker's
Paradox, the model is capable of using semantic class inforn@tito make
syntactic generalizations in a sensible manner, even withoutaking strong
assumptions about the nature of the semantic representations question.

Study 1: Modeling adult arti cial language
learning

Model

We use a hierarchical Bayesian model (HBM), which supports the suita-
neous acquisition of multiple levels of knowledge: both camte and item-
speci c, as well as abstract and general. Goodman (1955) prdedd an exam-
ple of this type of learning. Suppose we have many bags of celdmarbles,
and discover that some bags have black marbles while others bawhite
marbles. However, every bag is uniform in color; no bag contaitoth black
and white marbles. Upon realizing this, we have acquired knovdge on two
levels: the item-based knowledge about the color of marbleséach partic-
ular bag, but also the higher-level knowledge (called, follang Goodman,
an overhypothesisthat bags tend to be uniform in color. This higher-level
knowledge allows us to make inferences given very small amtsuof data:
for instance, given a new bag from which one black marble hasdmedrawn,
we can infer that all of the other marbles in the bag are probay black, too.

This schematic example is analogous to the situation confrad by the
verb learner, where "bags' become verbs' and “constructiong’cbome "mar-
bles." A learner might acquire verb-speci c knowledge aboutlich construc-
tions are associated with which speci c lexical items, but she ntigalso learn
verb-general knowledge about how uniformly constructionsr& spread over
verbs in general. Does each verb tend to be non-alternatinga§sociated with
one construction (just as each bag was associated with one colémmarble
in our example)? Or do verbs tend to be alternating { grammatial in more
than one construction? Learning overhypotheses about verbadatheir con-
structions can enable a learner to answer these questions, and tmstrain
generalization of new verbs in just the same way that learningverhypothe-
ses about bags of marbles constrains generalizations whensprged with a
new bag.



We depict this type of learning graphically in Figure 1(a) ad formalize
it as follows. Level 1 knowledge about how often each verb ocsuwith
each construction (or marbles of each color were drawn fromaobabag) is
represented by , and is acquired with respect to a more abstract both of
knowledge, Level 2 knowledge, which in this case is knowledgeout the
distribution of verb constructions. It is represented in our modl by two
parameters, and : roughly speaking, captures the extent to which each
individual verb occurs uniformly in one construction (or no}, and captures
the overall frequency of each construction, independent ohw particular
verb.2

Level 2 knowledge depends on knowledge at a higher level, &e¥, which
is represented in our model by two (hyper-)parametersand . They capture
prior knowledge about and , respectively: the range of values expected
about the uniformity of constructions within the verb ( ), and the range of
values of the expected distribution of verb constructions aoss the language
( ). In principle, we could extend the model to contain arbitraily many
levels, not just two or three; each subsequent level encodes enmre abstract
knowledge consisting of (generally weak) expectations abdbe nature of the
knowledge on the next lowest level. Thus, Level 4 knowledge dwapture
prior knowledge about and : expectations about the expectations about
uniformity of verbs and the distribution of verb constructiors.

The idea of wiring in abstract knowledge at higher levels of @rarchical
Bayesian models may seem reminiscent of nativist approaches tagnitive
development, but several key features t well with empiricisintuitions about
learning. In HBMs, the top level of knowledge is always prespesil implic-
itly or explicitly, but every level beneath that can be learred. As one moves
up the hierarchy, knowledge becomes increasingly abstractcaimposes in-
creasingly weak constraints on the learners specic beliefs #te bottom,
most concrete level of observable data. Thus model L3 builds imeaker
constraints than model L2; more generally, we can come closer the em-
piricist ideal of bottom-up, data-driven learning by addinglevels to an HBM
and incorporating pre-speci ed knowledge only at the highesimost abstract
level. Almost everyone along the empiricist-nativist continum agrees that

20ne way of thinking about the relationship between , , and is that captures
how close, on average, each individual is to (i.e., how close each individual verb's
construction distribution is to the overall distribution across all verbs). Thus, in the
Generalist language, where every is equal to , is very high; in the Lexicalist language,
where each is very dierent from , is very low.
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there must be some innate constraints; the question is how strongdhow
domain-speci c those constraints are. HBMs provide a means fadrning rel-
atively strong, domain-speci ¢ knowledge given only weakly sgi ed, more
domain-general prior knowledge.

Learning in an HBM corresponds to making inferences about highilevel
parameters based on data observed from verbs occurring in theut (the
constructions that verb i occurs in are denotedy'). Generalization corre-
sponds to making predictions about the parameters of novel nes; for in-
stance, given a new verly™" | the model makes inferences about the most
likely verb-speci c distribution over constructions ™" based on the com-
bination of the observations and the inferred higher-leveldowledge about
verbs in general. Verbs are generalized assuming that new instas will
match the inferred construction distribution: if the model irfers that ™" =
[0.6 0.4] (that is, that the new verb will occur 60% of the timen construction
1 and 40% of the time in construction 2), then we say that 60% of éhtokens
it “produces' will occur in construction 1 and 40% of them will ccur in con-
struction 2. Generalization is calculated by performing a stdhastic search
over the space of parameter values. Appendix 1 contains furthegchnical
details.

In this section of the paper (Study 1) we consider two closely etbd mod-
els, which will serve as the basis for the expanded models intraxéd in Study
2. The models are somewhat simplistic, in that they can acquirenkwledge
and perform inferences on multiple levels but do not have theapability to
group verbs into classes (as the models in Study 2 do). Nevertbes$, we be-
gin with these in order to illustrate the utility of learning on multiple levels,
and to provide a point of comparison to models that can learn vie classes.

Model L2 is equivalent to that speci ed in Kemp et al. (2007);tiassumes
that the Level 3 knowledge ( and ) is already known, and learns the and

values that maximize posterior probability for the given dah. Model L3, by
contrast, learns and in additionto and , and assumes that knowledge
at higher levels is given. Model L3 is apt to be useful in those sations
in which the inferred values at Level 2, and , tend to be unlikely given
the built-in prior knowledge at Level 3 ( and ). If Model L2 contains
built-in knowledge that weakly favors the conclusion that costructions tend
to be uniform within verbs, but is presented with a dataset in wioh they
are not, it will learn that dataset relatively poorly; if the built-in knowledge
favors the conclusion that constructions are evenly spread Wit verbs, it
will be slower to learn datasets in which each verb is associatedtiwonly
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one construction. Model L3 is therefore more exible than Moel L2, since it
can ‘tune' the higher order parameters at Level 3, and the® will be able
to learn both datasets equally well. Both models acquire Lelv& knowledge
about the expected constructions found in speci ¢ individuaverbs.

Data

The purpose of the arti cial language learning experimentof Wonnacott
et al. (2008) was to determine whether adults exposed to a névanguage
could acquire distributional knowledge at both the verb-spéc and verb-
general levels. Over the course of ve days, subjects were taughtanguage
with ve novel nouns and eight novel verbs occurring in one dfvo possible
novel constructions: VAP (verb agent patient) and VPA-ka (verb patient
agent particle(ka)). During training, participants were presented with a set
of scene/sentence pairs, hearing sentences corresponding toegidtlips of
scenes in which puppets acted out the sentence meaning. Becauee of the
purpose of the experiment was to explore performance givenlypmsyntactic
information, both constructions had the same meaning.

Subjects were divided into two conditions. In the Generalistandition,
each of the eight verbs occurred in both constructions, but savdimes as
often in the VPA-ka construction as in theVAP. In the Lexicalist condition,
seven verbs occurred in th¥PA-ka construction only, and one verb occurred
in the VAP only. In both conditions, the absolute and relative frequenes of
the VAP and VPA-ka constructions are the same, but the conditions di er
widely in terms of the distribution of those constructions acrss individual
verbs; this allows for the evaluation of whether learners caacquire and use
verb-general as well as verb-speci c statistical informatianWhen presented
with a novel verb in one construction, would participants in he Generalist
condition be apt to infer that it can occur in both? And would paticipants
in the Lexicalist condition tend to think that it occurs only in one?

To test this, participants' productive language use was evaluat in a
procedure in which subjects viewed a scene, heard the verb esponding
to the action in the scene, and were asked to complete the senteradoud.
Each of the four novel verbs { which had not been heard duringdining at
all | occurred four times: two of the verbs only in the VAP construction,

3For simplicity of presentation, we focus on Experiment 3 in their paper, although the
model captures the results of all three experiments, each of which focuses on the acsjtion
of knowledge about variability across individual verbs.
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and the other two only in VPA-ka. The subjects' performance is shown in
Figure 2a. People in the Generalist condition were likely torpduce a novel

verb in both constructions, matching the overall frequency oéach in the

language, rather than the single construction it was heard inPeople in the

Lexicalist condition, whose previous input consisted of verb$iat occurred

in only one construction, tended to produce the novel verb onin the single

construction in which it was observed.

Results

We present Models L2 and L3 with data corresponding to the inpugiven to
adult subjects over the course of the ve days of training in th&eneralist
and Lexicalist conditions. To evaluate generalization beyaohlearned lexical
items, the models are also presented with a single exemplar of angbetely
novel verb occurring either in theVAP or VPA-ka construction? Results are
shown in Figure 2. Both models replicate the di erence betweeconditions,
demonstrating that the model makes inferences much as humads. Novel
verbs in the Generalist condition are assumed to occur in both mstructions,
while the same novel verbs in the Lexicalist condition are assuthé& occur
in only one. The models have abstracted information about viergeneral
variability, and have used that as the basis of productive geraization of
novel input.

Model L3 outperforms L2 in the Generalist condition, more acgately
predicting human production for the novel verb occurring irthe less-frequent
construction in the language YAP). Even though that verb was heard in
the VAP construction only, both humans and Model L3 predict that it will
occur in the other (VPA-ka) construction nearly 87.5% of the time (which
is the base rate ofVPA-ka in the language as a whole). Although Model L2
qualitatively captures the di erence between the Generalt and Lexicalist
conditions, it is quantitatively less accurate, extending tb VAP form to
VPA-ka 60% rather than 87.5% of the time. The reason for this di erere
is that the hyperparameters ( and ) over and , which are “built in'
for Model L2, weakly restrict the range of and to avoid extreme values.
In this case, the built-in hyperparameters for Model L2 implment a slight
bias for values of and that correspond to the assumption that verbs

4“Humans were presented with four tokens of a single novel verb, but because the model
does not have the memory limitations that humans do, it is more appropriate toevaluate
its generalization given only one token.
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are more likely to occur in only one construction. The Generat condition,

in which each of the individual verbs' distribution of construtions precisely
mirrors the distribution in the language as a whole, is thus s captured by
values of and that happen to be dispreferred by the hyperparameters of
Model L2. One might select di erent hyperparameters, but thatwould be
arbitrary and post hog it could also cause the model to be less accurate at
capturing the Lexicalist language. By contrast, because ModeB can learn
the appropriate bias about the uniformity of constructions aross verbs (i.e.,
it can learn hyperparameters and ), it infers that the more extreme values
are more appropriate for this dataset. In other words, Model L@vhich builds
less in, since it learns the hyperparameters that are “innatér Model L2)
does better, precisely because it has more exibility for capting the data.

In the all of the subsequent sections, both Model L2 and L3 were dpaed,
and results were qualitatively similar for both. For space andeadability
reasons, we report only the results from Model L3, which usuallyightly
outperforms Model L2.

Study 2: Modeling the dative alternation
Model

We have demonstrated that both models can acquire verb-geaéwrariability
information, just as adults do when presented with arti cial bBnguage data.
However, in natural language, verb-general statistics may be afed among
only a subset of verbs rather than over all the verbs in the langge. For
instance, some verbs occur in both constructions in the dativdtarnation,
but others occur in only one. A learner that could only make iferences
about verb-general statistics across the language as a wholeuldonot be
capable of realizing that there were these two types of verbsrd3ented with
a novel verb occurring only once in one construction, such a tear might
be more likely to generalize it to both than one who realizedhtt it might
belong to a non-alternating class. Would a model that can makaferences
about classes of verbs perform signi cantly better on real-wll data than a
model without classes?

An intuitive way to address this possibility is to add the ability to dis-
cover verb classéso both Models L2 and L3. We denote this extension with

5Because ‘class' is more sensible nomenclature for verbs, we will refer to them aasses
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the pre x K (i.e., Model K-L2 and K-L3) and depict it graphically in Figure

1(b). As in Kemp et al. (2007), this results in a model that assumethat

verbs may be grouped into several classes, where each class is adsdawith

its own hyperparameters. The model is not told how many classdsetre are,
nor which verbs occur in which class; instead, it forms the classkased on
the data, in combination with a prior under which all class assignents are
possible, but fewer classes are favored. The goal of learning assimulta-

neously infer how verbs are assigned to classes, along with the eslwf the
hyperparameters that describe each class. The model extensierdescribed
more fully in Appendix 1.

Data

We explore the acquisition of verb constructions by presentinthe model
with real-world data taken from a corpus of child-directed spech. Because
the dative alternation is a central, well-studied example tevant to Baker's
Paradox, we choose to focus on verbs that occur in it. The data collected
from the sentences spoken by adults in the Adam corpus (Brown, 23 of the
CHILDES database (MacWhinney, 2000), and consists of the court$ each
construction (PD and POD) for each of the dative verbs (as listtin Levin
(1993)) that occur in the corpus. Note that we do not consider albf the
constructions in the language { only these two alternating orse We return
to this point later.

An additional variable of interest is what sort of evidence may éavailable
to the child at di erent ages. This can be loosely approximatedby tallying
the number of occurrences of each verb in each constructionsuabsets of the
corpus split by age (see Table 3 in Appendix 2). The Adam corpus ha®
les, so the rst segment, Epoch 1, contains the verbs in the rst 11 les.
The Epoch 2 corpus corresponds to the cumulative input from the rst 22
les, and so on up until the full corpus atEpoch 5. The dative verbs in the
rst le only, corresponding to approximately one hour of inpu, constitute
Epoch O .

throughout this paper, but these are the same entities referred to as “kinds' in the Kem
et al. (2007) work.
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Results

Figure 3 shows class assignments predicted by Model K-L3. It capes
the intuitively sensible pattern: those verbs that occur in oneonstruction
tend to be found in a separate class from verbs that occur in batiVhen
there is less data (i.e., at the earlieEpochs ), the model is less certain: the
class assignments for subsets of the full corpus are generally [&sarp than
they are for the entire corpus. Frequency also plays a role; thmodel is
more certain about class assignments of the high-frequency herlike give
and make and much less con dent about the class assignments of the low-
frequency verbs likepay. In part because of this lack of certainty, we would
expect the model to be more likely to overgeneralize the Idirequency verbs
beyond the constructions in which they occur in the input.

There are two ways of testing this prediction. First, we can exaine
model predictions for how to produce novel instances for each the input
verbs. These results are shown in Figure 4. It is evident the modalergen-
eralizes more often for the low-frequency verbs. The predict construction
distribution for high-frequency verbs likegive or makeis very similar to the
observed distribution (shown in the associated pie chart). But l@-frequency
verbs like explain or sing, which only occur in one construction in the in-
put, are somewhat likely to be produced in the other construatn. This is
because there is still some possibility that they are actually mdmers of the
alternating class; as more and more verb tokens are heard ancetie verbs
are still only heard in one construction, this becomes less anesk likely.

Second, instead of exploring generalization on all verbs, wancalso fo-
cus on the subset of non-alternating verbs explom@ver-generalization { the
degree to which the model generalizes each verb to a contrioct in which
it has never occurred { as a function of verb frequency. Figar5 shows the
degree of overgeneralization for each of the verbs that ocd in just one
construction at eachEpoch in Model K-L3. This is calculated by nding the
di erence between the proportion of times the verb is obserdevs. predicted
in the DOD construction.® If this di erence is zero then it means the model
produces the verb constructions precisely at the same frequgres they oc-
curred in the corpus. The larger this di erence is, the more thenodel has
“smoothed’, or overgeneralized away from, the observed data.

The results indicate that as the frequency of the verb increasgeover-

50ne could equivalently calculate this for the PD rather than DOD construction; since
there are only two, this captures the same information.
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generalization decreases: the di erence between observed gmddicted ap-

proaches zero. There is also an interaction witBpoch : verbs of equivalent
frequencies are overgeneralized more in earliepochs . For instance, verbs
that occur once in the full corpus are overgeneralized lessatih one-third as

often as verbs that occur once aEpoch 2 . The reason for this is that there

is more data in the corpus at latefEpochs , and the model is therefore more
certain about the probable constructions it infers for evenhe low-frequency
verbs.

The model appears to be learning in the absence of negative dance:
without receiving any correction or being explicitly told that some verbs are
non-alternating, the model eventually forms alternating ad non-alternating
classes. This qualitatively captures two of the major phenomanfound in
the acquisition of verb argument constructions: more frequenterbs being
overgeneralized more rarely, and a general decrease of ogaggalization with
age.

Is the success of this model due to the fact that it can group veshinto
classes? We address this question by comparing the performancthefclass-
learning model K-L3 with Model L3 from Study 1, the results of Wich are
shown in Figure 6. Removing the ability to learn verb classes, soahthe
model does not discover the classes of non-alternating verbsgedadncrease
overgeneralization overall. This is because when there are nlasses verbs
are more strongly in uenced by the behavior o&ll of the other verbs in the
language, including those that alternate. Nevertheless, both adels di er-
entiate between verbs based on their frequency and age: vedrgountered
more often in only one construction are less likely to be ovenmggralized to a
di erent construction. The class-learning model performs b&r because a
novel verb which has been encountered only in one constructis with some
probability assigned to the same class as the more frequent ndteenating
verbs; this increases the probability that the novel verb is bieved by the
model to be non-alternating itself.

Which of the two models captures human learning better is crently un-
known, although the class-learning model does more stronglyit overgen-
eralization and changes more acro&pochs . For the present, we emphasize
that many of the qualitative e ects are similar for both modet. Each cap-
tures three of the major empirical phenomena: learning in thabsence of
overt negative evidence, and decreasing overgeneralizatiwith increasing
age as well as verb frequency. This is because these aspects afainperfor-
mance result from general characteristics of Bayesian learginrather than
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particular assumptions made by any speci ¢ analysis. We addressishpoint
in more detail in the Discussion section.

Study 3: Exploring the role of semantics

Many approaches to resolving Baker's Paradox have relied ohet presence
of semantic or morpho-phonological feature(s) to distinguishevbs that take
part in an alternation from verbs that don't. However, as discased in the
introduction, it is unclear whether such features are alwayavailable: some
arbitrary verb-speci c alternations may always need to be ajired, and so
the logic underlying Baker's Paradox remains. The models mented thus
far demonstrate that Baker's Paradox may be resolved on the basof the
syntactic distribution of constructions and verbs only. Nevertheless, there
are strong correlations between verb semantics and verb syntar particu-
lar, verbs that undergo an alternation may have di erent sematic properties
from verbs that do not. Many computational models that addres Baker's
Paradox, while not endorsing the claim that verb semantics fiy determines
the syntactic distribution of verbs, have made use of these corations in
learning. It is therefore important to determine what such cas could con-
tribute in the current model. Moreover, since there is also Gk evidence
that human generalization can be a ected by semantics, it is teresting to
evaluate whether our model can use semantic information in a s#ole way.
Although it is beyond the scope of our simple model to address alf the
subtleties of natural language semantics, we can still exploréd e ect of
adding extra-syntactic cues in a manner which captures the exall pattern
envisaged by Pinker and colleagues. Given that Study 1 and 2 lagug-
gested that at least some aspects of the no negative evidence eab are
in principle solvable based on syntactic input alone, what is & impact of
learning when verbs with the same syntactic distribution share s&antic fea-
tures? To what extent does our model capture human generaltean based

"Note that we are not claiming that the syntactic constructions themselvesare neces-
sarily learnable in the absence of semantics. Acquiring the DOD construction mustrivolve
learning the mapping between NR V NP 3 NP, syntax and thematic role assignment (i.e.,
semantics). As we elaborate more fully in the discussion, our work does notdaress this
type of learning and assumes a pre-existing knowledge of constructions. Our point Em-
ply that Baker's Paradox { the problem of overgeneralization given a set of constructions
{ can be resolved without assuming that verbs that do not enter into the alternation share
extra-syntactic features.
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on verb semantics?

Model

The models in Study 1 and Study 2 incorporate only a single faae, syntax,
but can be trivially extended to include multiple features. V& assume that
each feature is independently generated, which allows inrdace to proceed
exactly as before except that each and is learned separately for each
feature. The posterior probability for the full model is theefore the product
of the probabilities along each feature. Appendix 1 contairedditional details
about this extension.

Data

We evaluate how semantics may be incorporated into the modey ladding
to our corpus of dative verbs a semantic feature which we assdeiavith the
di erent classes of verbs. Note that the constructions themselvakerefore
have no semanticper se which is a simpli cation.® The feature precisely
parallels the semantics of each of the three classes and therefbas three
possible values: one corresponding to the class of alternatinghb& (which
we will call semantic class A), one to those verbs occurring only PD syntax
(semantic class P), and one to verbs occurring only in DOD syntggemantic
class D). For instance give which occurs 106 times in DOD syntax and 44
times in PD syntax, has a semantic feature occurring 150 times semantic
class A; make which occurs 11 times in DOD syntax, occurs 11 times in
semantic class D; angay, which occurs 6 times in PD syntax, has a semantic
feature occurring 6 times in semantic class P.

Though this instantiation of semantics is highly simplistic, ithas the merit
of allowing for a clear exploration of precisely how one miglgeneralize when
some features associated with verbs are (and are not) correlhteith verb

8Researchers acknowledge that constructions have some semantics independent of the

verbs they contain, so that the usage of a verb in a construction partly depends on the

t of that verb's semantics with the construction semantics. Pinker (1989) also points to
semantic features of verbs which correlate with syntax but are independent of constiction
semantics (e.g., a class of verbs (including “throw' or “kick’) that invole ‘instantaneous
imparting of force in some manner causing ballistic motion' and that all take part in the
PD and DOD alternation). Our model follows Pinker in associating features directly with

the verb.
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Table 2: Conditions based on semantic and syntactic features mdvel verb.
Syntactic form

Semantic form PD DOD
D Other Non-Alternating Same Non-Alternating
A Alternating Alternating
P Same Non-Alternating Other Non-Alternating

syntax. Essentially, we begin by exploring a best-case scenariowhich the
feature in question is perfectly correlated with the syntact verb types; later
in this section we relax this assumption.

We predict that adding semantic features will not qualitatively change
learning but will result in less overgeneralization of existig verbs, since the
model can use the additional semantic information to make moraccurate
inferences about how each verb should be classied. We also wishtést
whether the model generalizes new verbs in a way that is qualively similar
to children's performance in experiments such as Gropen et 4[L989), even
given the simplistic semantic representations we used. To test thiwe added
one additional novel verb to the input for the model. The six caditions di er
in the nature of that novel verb, as shown in Table 2. In three calitions
the syntax of the novel verb is DOD, and in the other three it is B. Each
syntactic form is paired with each semantic form. When the syntdic form
corresponds to the same semantic form it matches in the input dat we
refer to that as the Same Non-alternating Form condition (i.e., PD
syntax, semantic class P; and DOD syntax, semantic class D). If thersantic
form occurs in the alternating class in the input, that is theAlternating
Form condition (i.e., both PD and DOD syntax, semantic class A). And
if the semantic form and syntactic form con ict based on the inpticorpus,
we refer to that as the Other Non-alternating Form condition (PD
syntax, semantic class D; DOD syntax, semantic class P). As a baselimee
compare these six conditions to the sort of generalization thatccurs when
there are no semantic features at all.

Results

As predicted, the model shows less overgeneralization than tlequivalent
model with no access to semantic features. In addition, as illuated in
Figure 7(a), Model K-L3 generalizes based on semantic featara a sensible
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way. Both the model and the children in the Gropen et al. (19§3%xperiment
are more likely to produce the construction they were not prested with if
its semantic feature is associated with a di erent class of verb$Sensibly, if
the semantic feature matches the syntax of the same non-altetivay form,
then the model rarely produces the unattested construction.

The fact that the success of the model depends on its ability taim
separate verb classes is apparent when we examine the perforoeaof Model
L3, shown in Figure 7(b). This model, which cannot form separatclasses,
generalizes each novel verb identically, regardless of itsraatic features. In
essence, the class information is the vehicle for capturing tmelationship
between semantic features and construction usage. A more sopicizted
model { for instance, one that can associate semantic featuregeatitly with
constructions { might allow for the correct semantic generaations even
without class information, but our work demonstrates that sematic e ects
can arise given very simple assumptions about semantics as longtlasre
is some mechanism for relating the verbs that share a similar consttion
distribution.

It is unrealistic to assume the existence of one semantic featurbat
precisely follows the correct verb classes: our purpose was simplyvaluate
the extent to which the presence of such a feature would a ectdening. It
is probably more accurate to assume that there are many di eréreatures,
each somewhat noisy, that are only statistically associated witthe correct
classes. When this is the case, do the semantics continue to aidearning?
Does our model produce sensible generalizations even if the astit features
are less clean?

To evaluate this we present the model with the same corpus, but ith
time associate each verb with three semantic features ratherah one. In
addition, each feature is associated with the correct verb da 60% (rather
than 100%) of the time. The results in the same generalizatiorask as
before, shown in Figure 8, are qualitatively identical to therevious results,
although noticeably noisier. As before, there is less genetaliion than the
equivalent model with no access to semantic features, thoughette is more
generalization than for the previous semantically augmerdemodel. It is
evident that it is not necessary for the semantic feature(s) to bperfectly
clean in order to qualitatively capture the same generalizain patterns®

9By comparison, a model with trained on data with no semantic features would not
generalize di erentially to any of the di erent semantic forms; all generalization would be

20



Even this version of the model is a gross simpli cation: certaly, one of
the things that makes verb learning di cult is that there are many features
(semantic and otherwise) that are simply irrelevant, uncorrelted with the
correct class assignments, or perhaps even correlated with athegularities
among the verbs. In terms of our model, it is always possible toe&dtify
an extreme at which the additional features are noisy enoughdr pick out
other categories strongly enough { to completely eliminatery e ects of
the semantic and syntactic features. For instance, if there are8lsemantic
features, six of which are consistent with an interpretation in Wich the
verbs all belong to the same class and seven of which vary randgnmhodel
performance is ruined. In general, correct generalizatiaas a function of the
coherence and number of features that pick out the correctads assignments;
the model is somewhat robust to noise and error, but not is not imitely so
(nor should it be). Further work is necessary to understand presely how and
to what extent additional features matter { to esh out what the shape and
nature of that "generalization function' is. We have demonsaited here that
in at least some situations, the model is capable of qualitativelcapturing
human generalization patterns on the basis of semantic feats.

Discussion

In this paper we have presented a domain-general hierarchi@ayesian model
that addresses how abstract learning about feature variabijitcan be com-
bined with verb-general learning on the level of constructicbased verb
classes and verb-speci c learning on the level of individualXdeal items. It
captures the qualitative patterns exhibited by adults in anarti cial language
learning task, as well as those exhibited by children over thearse of acqui-
sition. Our model suggests that Baker's Paradox can be resolveg & certain
kind of learner, even based on syntactic-only input. Furtheriore, it does so
in a (largely) domain-general way, without making strong laguage-speci c
representational assumptions about verb constructions.

In the following section we evaluate our conclusions in more tdéd. We
take special care to orient this research with respect to otheomputational
models of verb argument construction learning in order to hidight the con-
tributions of our approach, as well as some of its limitations.

based on syntax.
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A solution to Baker's Paradox?

One implication of our work is that it is may not be necessary toaly on

non-syntactic features in order to solve Baker's Paradox (dlbugh such in-
formation might still be valuable for other important aspectsof verb learning,

like identifying the alternations in the rst place - a point to which we re-
turn below). Our Bayesian learner, given the syntactic information from

a corpus of dative verbs used in child-directed speech, resslhe nega-
tive evidence problem: it correctly realizes that that verb that have been
observed often in one construction but never in another probgbare not

grammatical in both, but that verbs that have been observed raly in one

construction and never in another might be. In essence, our le@r takes

indirect negative evidence into account by formally instanating the notions

of entrenchment/pre-emption (or, more broadly, competiton), as suggested
by other researchers (Braine, 1971; Braine & Brooks, 1995; @bkrg, 1995;
MacWhinney, 2004). Each time a verb is encountered in one ofid two

competing structures, it isnot encountered in the other, and this provides
cumulative evidence against a grammar that allows this usageConsistent

with this, our model { like people { is more apt to overgenerate lower-

frequency verbs, and more likely to overgeneralize all verlgsarlier in the

process of acquisition. Adding correlated semantic features dis learning

but does not qualitatively alter its pattern.

This performance is not an idiosyncratic property of speci clwices made
in setting up our model, but is rather the result of a general proerty of opti-
mal inference. We can illustrate this abstractly using schematidot diagrams
as in Figure 9, where each datapoint (e.g., a verb usage) is repented by a
dot generated by some underlying process (i.e., underlyingrisgeknowledge,
perhaps instantiated by a rule of some sort). The job of the leaen is to
evaluate hypotheses about which process best describes the olestrdata,
and we can represent di erent processes as di erent subsets of spaclo
perform this evaluation, a rational learner should trade o he complexity of
the hypothesis (captured via the prior in Bayesian learning) ith how well
it predicts the observed data (captured by the likelihood). Byesian infer-
ence recognizes that a hypothesis that is too complex for théserved data
will over t, missing important generalizations, while one thd is insu ciently
complex will not be explanatory enough. As shown in Figure 9, itk will re-
sult in a preference for a hypothesis that is neither too simpleHfpothesis
A) nor too complex (HypothesisC), but “just right' (Hypothesis B).
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One implication is that a distinctive pattern of reasoning natirally emerges
as the amount of data changes. When there are few datapoints gtisimpler
theories are favored, resulting in a tendency toward overgeralization, as
we saw in Study 2. As the number of datapoints increases, the likedod
increasingly favors the theory that most closely matches the sbrved data,
and overgeneralization decreases. This captures the notioha suspicious
coincidence, since hypotheses that predict the observationddtapoints that
in fact never occur tend to be increasingly disfavored. It alsagvides a natu-
ral solution to the problem of deciding among hypotheses givgositive-only
examples. As the size of the dataset approaches in nity, a Bayesidéearner
rejects larger or more overgeneral hypotheses in favor of ragorecise ones.
But with limited amounts of data, the Bayesian approach can mee more
subtle predictions, as the graded size-based likelihood tradesagainst the
preference for simplicity in the prior. The likelihood in Bagsian learning can
thus be seen as a principled quantitative measure of the weigbt implicit
negative evidence { one that explains both how and when ovexngeralization
should occur.

Because this pattern is a general property of Bayesian infera other
computational approaches to the acquisition of verb argumégonstructions
provide the same natural solution to Baker's Paradox; indeedyur model
is an instance of a class of computational models which expligi explain
the acquisition of verb knowledge in terms of rational statistial inference,
using either the Bayesian or the (closely related) minimum desption length
(MDL) framework (Dowman, 2000; Onnis, Roberts, & Chater, 20Q2Zhater
& Vianyi, 2007; Alishahi & Stevenson, 2008). For instance, Dowran (2000)
illustrates this by comparing toy grammars with and without siclasses of
non-alternating verbs; as the amount of data increases, the neocomplex
grammar is preferred and overgeneralization disappears. Bhivork involves
a simplistic toy grammar segment and an idealized arti cial cquus rather
than the more naturalistic child-directed data considered irour work, but
both models show the same ability to deal sensibly with the probie of
negative evidence. More similarly to our work, Onnis et al. (@2) use a
Bayesian model to demonstrate the learnability of an altern&n based on
statistics from corpora of child-directed speech. Their modeucceeds in
this for the same reason ours does. Our model makes di erent (inamy
ways simpler, more domain-general) representational assungis, and is in
other ways more exible and powerful, with the ability to lean on multiple
levels of abstraction, and the ability to determine exibly how many classes
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of verbs there are. But in terms of the problem of negative edence, all
of these models { ours included { solve it in the same way. In facgven
connectionist models (e.g., Allen & Seidenberg, 1999) imptlg incorporate
a sort of tradeo between complexity and goodness-of- t. Ofterthe tradeo
is non-optimal, since the preference for simplicity emergesutoof choices
about network architecture, number of training epochs, andtber modelling
choices rather than the mathematics of probability theorybut as long as
any tradeo is being made, overgeneralization will decreaseith increasing
amounts of data; the di erence is that in Bayesian models thatradeo is
statistically optimal.

More generally, all of these models are examples of the notiohcompe-
tition, which was rst incorporated into the Competition Mod el (MacWhin-
ney, 1987, 2004), though the same notion is also implicit in theieve' model
of Braine (1971). Competition results from the two opposing mssures of
episodic and analogical support (MacWhinney, 1987, 2004). Epdic sup-
port consists of item-speci ¢ knowledge (which pressures a leeamtowards
conservativism and lack of generalization), and analogical gport consists of
the tendency to form generalizations based on analogies tdet verbs (which
pressures a learner towards overgeneralization). The preface for simplicity
serves the same functional role as analogical support, and theeference for
goodness-of- t to the data serves the same functional role as spdic sup-
port. Bayesian/MDL approaches quantify the statistical trade between
the two preferences in a precise way, but the idea of competiti provides a
unifying framework for conceptualizing all of the major appmaches.

Abstract learning about feature variability

The primary feature distinguishing our model from other appraches, and
from previous Bayesian/MDL-based work in particular, is ourdcus on learn-
ing at multiple levels of abstraction simultaneously. In parttular, our model
can learn abstract knowledge about variability across verb pes, just as adult
subjects do in the experiment performed by Wonnacott et al. (208). Both

humans and our model acquire di erent generalizations baset whether the
input comes from a language in which all verbs occurred in bdotconstruc-
tions or a language in which each verb occurred in only one @&ruction. In

essence, the model is able to quantify the extent to which enadaring a verb

in one structure should "count against' its potential future ocurrence in the
other. This sort of statistical learning is part of a larger proess of balanc-
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ing information on multiple levels of abstraction, and our wik demonstrates
how this balance may be achieved.

Although the importance of tracking both item-speci ¢ and veb-general
information is acknowledged by many researchers (e.g., Bnai, 1971; MacWhin-
ney, 1987, 2004, among many others), many previous models ek the is-
sue of learning lexically-speci ¢ and detailed verb informa&tn (e.g., Dominey,
2003), and several models are capable of learning verb-gahénformation
about classes, features, or construction types (e.g., MacWhinnd987; Dow-
man, 2000; Onnis et al., 2002; Alishahi & Stevenson, 2008), piews models
have not attempted to explain the acquisition of knowledge ofariability at
the level of verb classes or constructions. For example, the wdyk Dowman
(2000) and Onnis et al. (2002) is focused mainly on the probleof nega-
tive evidence, and compares segments of toy grammars of vagyidegrees of
complexity. The work by Alishahi and Stevenson (2008), which im many
ways an impressive model capable of capturing many aspects of aatic and
syntactic acquisition, nevertheless has not attempted to acant for higher-
order knowledge about feature variability (necessary for elgning human
behavior in the Wonnacott et al. (2008) task). The model has maerous
similarities with ours: both are Bayesian, both can exibly deermine how
many constructions or verb classes are appropriate given thetdaand both
capture similar qualitative patterns in acquisition. However because their
model does not do inference on the highest levels (Level 2 anevkl 3, cor-
responding to hyperparameters, , , and in our model), it learns only
about which semantic and syntactic features to expect for eaatonstruc-
tion; it does not make more abstract judgments about how varide they are
expected to be.

Is the ability to learn on this level important in order to explain the
acquisition of verb constructions in natural language? Becaa many of the
gualitative aspects of acquisition can be captured by modelsdt cannot learn
on that level, it remains possible that this sort of learning is ot necessary.
It is possible that the multi-level learning observed in adultsand children
in the experiments of Wonnacott et al. (2008) and Wonnacott rad Perfors
(2009) is just a byproduct of some more general human ability tacquire
overhypotheses and is not naturally used by people when leargi verbs.
Nevertheless, the results of these experiments suggest that humane at
least capableof this sort of learning. Given that these learning abilities
are also useful in making more accurate generalizations abaappropriate
verb usage from realistic natural language input, as we have st here, it
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would be surprising if people did not sometimes use them in natddanguage
learning.

There may be conditions under which the ability to learn abouvariabil-
ity is particularly useful. For instance, our model is capabl®f learning the
distinction between alternating and non-alternating verb asses on the basis
of syntactic input alone. The model of Alishahi and Stevenson (28), which
learns constructions rather than classes, forms constructionslp on the basis
of di erences in features rather than on patterns of featureariability. As a
result, it would be unable to form the distinction between norelternating on
alternating verb classes without additional semantic featuseto assist. Each
individual verb usage would occur only in PD or DOD syntax, and whout
semantic information di erentiating alternating from non-alternating verbs,
the model would tend to infer a maximum of two constructions (@D and
PD). It would thus be able to learn that individual verbs are dternating or
non-alternating (and therefore to resolve the negative evihce problem for
those verbs). However, because it would have no reason to form a &ragjter-
nating construction, it would not { as our model does { be abled infer that
a completely novel verb appearing once in each constructios alternating,
but that a verb appearing twice in one may not be. This is the soof gener-
alization made by adult subjects in the arti cial language oMonnacott et al.
(2008). In future work we aim to address the empirical questioaf whether
children or adults make such inferences in more naturalistiGrcumstances.

Current limitations and future directions

One aspect of the problem that few models address { ours incluiéis the
question of how the child knows which sort of evidence is impait. Pinker
raised this point about indirect negative evidence, arguinghat the prob-
lem of deciding which of the (in nite number of) sentences onkasn't heard
are ungrammatical (rather than simply unattested) is \virtually a restate-
ment of the original learning problem.” (Pinker (1989), p. 4). How does
the child know that those particular syntactic forms are the iteresting and
relevant ones? This knowledge has just been given to our modehd our
work makes no particular claims about how it comes about. Hower, we
have not simply restated the learning problem, as Pinker suggsstrather,
we have suggested an answer to one problem (how to rule out lodic@os-
sible alternatives without negative evidence), leaving ameer still unsolved
(how to know which of a potentially in nite number of dimensians one should
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generalize along). The logic of Baker's Paradox would be ttsame whether
there is one possible dimension of generalization, or an in gitnumber: the
dilemma comes because one can never be certain that an unobsdrdata-
point (along that dimension) is truly ungrammatical, or simply unobserved.
By converting this logical problem to a probabilistic one andlemonstrating
formally that the unobserved ones simply become increasinglylikely, we
have shown how a learner might be able to constrain their gendeations
appropriately. How the learner knows which dimensions to payttantion to

is a di erent issue.

Our model was originally developed and applied to a question & di er-
ent domain: the acquisition of the shape bias in word learnindkémp et al.,
2007). It incorporates relatively little domain-speci ¢ bult-in knowledge {
just the highest-level information governing the expectatios about the sort
of constructions, and their uniformity, that are likely to ocair. Because the
priors we built into the model were extremely weak, this amaoued to the
expectation that verbs within a class can either be uniform whin a construc-
tion or precisely alternatingor something in between. Thus, although any
model (of any sort, not just a Bayesian model) must make some assunquts
about what is built-in, we have endeavored to make them minial. We can
identify only two major assumptions:

1. Constructions have no internal representation: syntacticnformation
is represented as a vector of features. We thus assume a learnepwh
has already learned that, say, NPV NP3 NP, is a construction. This
is itself a complex learning problem and not one that this workears

upon.

2. The dataset presented to the model only includes (a) two comattions
considered to be in alternation; and (b) the set of verbs that @tir in
at least one of these two constructions.

Regarding the rst assumption, and as noted earlier, Baker's Padox is
a problem of knowing how to generalize appropriately over gstructions in
the input once it is clearwhat those constructions are. An advantage of our
simpler representation is that it clari es which phenomena eerge due to the
nature of the data and the characteristics of Bayesian (optimMiinference,
rather than because of the domain-speci c representation. Rimermore, it
allows us to explore the contribution of additional semantideatures in the
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abstract, without worrying about their accessibility or precsely what they
are. The tradeo, of course, is that we are therefore abstractg over many
details that might be critical for understanding the acquisiton of particular
verbs or asking the question of what precise semantic, concegdtu@ syntactic
knowledge must be built in in order for the child to perceive wich features
are relevant.

The second assumption mimics the input given to learners in the ina-
cott et al. (2008) experiments, but natural languages are mercomplex. A
guestion for future research is whether our model could scale tgpdeal with
a complex dataset involving all verbs and constructions. We thk it possible
that, due to its ability to learn about higher-level variability, our model could
identify alternating verb classes even without prior informaon about which
pairs of constructions potentially alternate. (Note that suchlearning could
only work for the version of the model which can learn classes). Aher
possibility is that this learning relies on knowledge of congirction seman-
tics. For example, Goldberg (2006) has argued that repeatgdéncountering
a verb in one construction only pre-empts its usage in a non-agcng con-
struction if that usage would satisfy the funcitonal demands ofhte context
at least equally well. This suggest that only functionally releed construc-
tions may pre-empt each other and points to a potential constint in the
learning system, although which types of constructions are csidered to be
‘in competition' is still an open empirical question. Again, heever, this is a
guestion focused on how the learner knows which dimensions to/ @dtention
to when using implicit negative evidence, rather than how inlit negative
evidence constrains generalization; the latter is the questi we address here.

Although Study 2 may appear to imply that some aspects of verb cen
struction learning could be accomplished without semantic infmation, we
are not suggesting that semantic knowledge is not important whedearning
verbs. Indeed, Study 3 was motivated by the fact that verb leaing must
include semantic as well as syntactic knowledge. Our work sugte the
possibility that although semantic information is ultimately used, syntactic
information may be more important initially { a suggestion tha is consistent
with the claims of syntactic bootstrapping (e.g., Gleitman, 290), as well as a
study by Ambridge et al. (2008), which found that for younger citdren (age
5-6) there was only a small e ect of semantic class on generatioa, whereas
for older children and adults, there was a larger one. Similgr Brooks et al.
(1999) found that entrenchment e ects in syntax emerged befe semantic
class e ects.
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It is also possible that syntactic information was so e ective prasely
because we gave our model clean features that already picketigrecisely the
constructions of interest. If both the semantic and syntactic fgures available
to the child are far more noisy { and hidden amongst many irrel@ant features
in the environment { then it may be that semantic and syntactic &atures only
become accessible through a process of mutual bootstrapping. Aesing
this question, or others that explore the role of semantics merfully, will
probably require a richer semantic representation than the crent model
instantiates. Future work we will explore this idea in more dedil.

We would like to close by considering the question of convergenavhich
has been a central consideration for theories of acquisitiorlow do all chil-
dren end up with the same grammar { one that accepts the same sets#n-
tences as grammatical? In part, the focus on this question hasisen from
the assumption of a deterministic end-state grammar that prod@s absolute
yes-no grammaticality judgments for any sentence. However, dhe is evi-
dence that judgments of overgeneralizations are variablgen in adult native
speakers, and continue to be in uenced by lexical frequency.¢e, Theak-
ston, 2004); as a result, many researchers have rejected thisnfalation of
the end state. Despite this, our model does show high levels of eergence
and systematically less generalization as it acquires more dats do adults
and children. Models such as ours also provide a method for esqhg how
di erent assumptions about learning and the data lead to di eent results.
How our models link to the underlying psychological processesmains a
fundamental question for further research.
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Appendix 1: Models

The two models, referred to as L2 and L3, perform inference owéi erent
levels of abstraction. Both models learn at Level 1, the levealf specic
knowledge about individual verbs. Model L2 is specied in Kempet al.
(2007) and performs inference about the variability of LeVe2 features
and as well. Model L3 performs inference on an even high levelaleing
also about the expected range that that variability can take denoted via
parameters and ).

Model L2: Learning at Level 2

Model L2, specied in Kemp et al. (2007), is known to statisticias as a
Dirichlet-Multinomial model, and can be written as:
Exponential( )

Dirichlet( )
‘ Dirichlet( )
y'jn'"  Multinomial( ')

wheren' is the number of observations for verli. Because the model makes
inferences on Level 2, we specify the Level 3 knowledge by sejtparameters

=1and = 1, which indicates weak prior knowledge that the expected
range of and does not contain extreme values.

Inference is performed by computing posterior distributionsver the un-
known knowledge at the higher levels. For instance, the posteridistribution
P(; jy) represents a belief given the datg (the verbs heard so far). We
formally instantiate this model by denoting the true distribution over con-
structions of verbi as '; thus, if the true distribution of constructions means
the verb occurs 70% of the time in the prepositional dative (PPconstruction
and 30% of the time in the direct object dative (DOD), then ' = [0.3 0.7].
If we have observed that verb once in DOD and four in PD, theg' = [1 4].
We assume thaty' is drawn from a multinomial distribution with parameter

' which means that the observations of the verbs are drawn ingdendently
at random from the true distribution of verb i. The vectors ' are drawn
from a Dirichlet distribution parameterized by a scalar and a vector
determines the extent to which each verb tends to be associatadgth only
one construction, and represents the distribution of constructions across
all verbs in the language.
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To t the model to data we assume that countsy are observed for each
verb in the input set. Our goal is to compute the posterior distbution
P(; :f 'gjy). Inferences about and can be made by drawing a sample
from P(; jy) { the posterior distribution on (; ) given the observed
verbs. Inferences about ', the distribution of constructions for verbi, can
be made by integrating outZ and

P( 'iy) = L 5 syp(; jy)dd (1)

We estimate this using numerical integration via a Markov Cha Monte
Carlo (MCMC) scheme. Our sampler uses Gaussian proposals on log@nd
proposals for are drawn from a Dirichlet distribution with the current
as its mean.

Model L3: Learning at Level 2 and Level 3

Model L3 model is quite similar to Model L2, except that insteadf assuming
that and are known, we learn those as well. (nb: is a scalar, but in
order for it to be a proper hyperparameter for the vector , it is vectorized:

= 1.) In statistical notation, this model can be written:
Exponential(1)

Exponential(1)
Exponential( )
Dirichlet( )
! Dirichlet( )
y'jin'  Multinomial( ")
wheren' is the number of observations for verb.

As before, inference is performed by computing posterior digiutions
over the unknown knowledge at the higher levels. The only dirence is that

the posterior distribution is now given byP(; ; ; f 'gjy). Inferences
about , , ,and canbe made by drawing a sample fro®(; ;; Jjy),
which is given by:
PG o dy) ! Plyis IPCIIPCT)IPCIP() (2)
Inferences about ', the distribution of constructions for verbi, can be
made by integrating out , , , and
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z
P(iy)=  P('is 5y)P(G i jy)dd dd (3)

Again, we estimate this using numerical integration via a Markeo Chain
Monte Carlo (MCMC) scheme. As before, our sampler uses Gaussian ro
posals on log(), log( ), and log( ), and proposals for are drawn from a
Dirichlet distribution with the current  as its mean.

Model extension: Learning verb classes

To add the ability to discover verb classes to both Models L2 and3, we
assume that verbs may be grouped into classes, each of which is assedi
with its own hyperparameters. For Model L2, this means that tbre is a
separate © and ¢ for each classc inferred by the model; for Model L3,
there is a separate ¢, ¢, ¢ and ¢ for each class. In both cases, the
model partitions the verbs into one or more classes, where eacbspible
partition is represented by a vectorz. Thus, a partition of six verbs in which
the rst three verbs are in one class and the last three were in atieer can
be represented by the vector [1 1 1 2 2 2]. The prior distributionn z is

induced by the Chinese Restaurant Proggess: n.>0
i 1+ c

cis a new class

(4)

i 1+
wherez; is the class assignment for verly n. is the number of verbs previously
assigned to classg, and is a hyperparameter which captures the degree to
which the process favors simpler class assignments (we set 1). The
Chinese Restaurant Process prefers to assign verbs to classes thedaaly
have many members, and therefore tends to prefer partitionsitv fewer

classes.
The extension for Model L3 c%nerg)(zvv) be written as follows:

z
¢ Exponential(1)
¢ Exponential(1)
¢ Exponential( ©)
¢ Dirichlet( °©)

! Dirichlet( & ©)
y'in'  Multinomial( ")
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The equivalent extension for Model L2 is trivially extendal®@ from this,
and is also described in Kemp et al. (2007).

If z is known, the extended model reduces to several independeatsions
of the basic (L2 or L3) model, and predictions can be computedsimng the
techniques described earlier. Since is unknown, we must integrate over
each of the possible class partitjpna:

P('iy)=  P('iy;z)P(ziy) ®)
z
whereP (zjy) / P(yjz)P(z) and P(z) is the prior induced by the CRP pro-
cess. For Model L2, computind? (yjz) reduces to the problem of computing
several marginal likelihoodsz

P(yg=  P(yo; )P(; )dd (6)

which we estimate by drawing 10,000 samples from the pri&(; ).
For model L3, zomputingP (yjz) reduces to computing

P(y9=  P(yOi; P(; i; JP(; )dd dd (7)

which is also estimated by drawing 10,000 samples, this time frotime joint
prior P(; j; )P(; ).

Appendix 2: Corpus

The data of verb counts is collected from the sentences spokenddults in
the Adam corpus (Brown, 1973) of the CHILDES database (MacWhiray,
2000), and consists of all instances of each of the dative verisgdd in Levin
(1993), including the number of occurrences in each consttiom (PD and
DOD). Epochs correspond to the counts for verbs in subsections of the
corpus of 55 les, split by age Epoch 1 is the rst 11 les, Epoch 2 is the
rst 22, and so on). The counts are shown in Table 3.
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Table 3: Number of times each verb appears in each construction (Adancorpus).

Epoch O Epoch 1 Epoch 2 Epoch 3 Epoch 4  Full corpus
Verb DOD PD DOD PD DOD PD DOD PD DOD PD DOD PD

take 0 5 0 9 0 11 0 16 0 16
say 0 3 0 4 0 6 0 6 0 6
explain 0 1 0 1 0 1 0 1
send 0 1 0 1 0 2
sell 0 1 0 1 0 1
mail 0 1 0 1 0 1
throw 1 0 1 2 1 2 1 2 1 2
read 1 1 2 5 2 11 3 12 3 13 3 16
give 2 1 15 18 39 27 62 31 82 33 106 44
show 2 1 10 5 23 9 27 11 31 15 36 17
bring 2 1 4 3 6 3 9 4 11 5
tell 1 1 8 1 14 1 17 1 22 1
sing 1 0 1 0 1 0 1 0
pay 2 0 2 0
serve 2 0 2 0 2 0
nd 2 0
ask 2 0 3 0 3 0 4 0
make 1 0 5 0 6 0 11 0
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Figure 1: (a) A hierarchical Bayesian model (HBM). Each settingf (; )
is an overhypothesis: represents the color distribution of marbles across
all bags (or, equivalently, the distribution of constructiors across all verbs
in a language), and represents the variability/uniformity of colored mar-
bles within each bag (or, equivalently, the degree to whichaeh verb tends
to be alternating or non-alternating). In principle HBMs canbe extended
to arbitrarily high levels of increasingly abstract knowledg and need not
‘ground out' at Level 3. (b) A model with separate overhypothses for two
verb classes, loosely corresponding to a non-alternating classvefbs that
occur exlusively in the PD construction and an alternating clss of verbs that
occur in both PD and DOD constructions. ! represents knowledge about
the uniformity of constructions within the non-alternating class (i.e., that it
is non-alternating) and ! captures the characteristic constructions of the
verbs in that class (i.e., that they occur in the PD constructia). This gure
is adapted from Figure 1 in Kemp egal. (2007).
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Figure 2: Comparison of model performance with human produon for

novel verbs in an arti cial language. (a) Adult performance.Subjects in the
Generalist condition were likely to produce a novel verb in lib constructions,

matching the overall frequency of each in the language, raghthan the single
construction it was heard in. Subjects in the Lexicalist contion, whose
previous input consisted of verbs that occurred in only one cstruction at

a time, tended to produce the novel verb only in the single consiction it

occurred in. (b) Model L2. (c) Model L3. Both models qualitaitely replicate
the di erence in human performance in the each condition. Miel L3, which
can learn at a higher level of abstraction, matches human perfmance more
closely.
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Figure 3: Class assignments given by Model K-L3. Lighter colomsdicate
increasing probability that the verbs in that row and column ae assigned to
the same class. The diagonal is always white because each verbvgygs in

the same class as itself.
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Figure 4. Production predictions of Model K-L3 for each verbn the full
corpus. High-frequency verbs' constructions are produced at asttibution
close to their empirical distribution, while low-frequency erbs are more likely
to be overgeneralized (produced in a construction that theyid not occur
in in the input). The production distribution is denoted with the stacked
bars; the associated pie chart depicts each verb's observed dtatition, and
its empirical frequency is the number under the pie chart.
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Epoch 1 Epoch 2 Epoch 3 Epoch 4 Full corpus

Verb bin

error

Figure 5: Degree of overgeneralization of non-alternatingrbs byEpoch for
Model K-L3. The y axis re ects the degree of overgeneralization, calculated
by taking the absolute value of the di erence between the praption of the
time the verb is observed vs. produced by the model in the DOD csinuc-
tion. Verbs of di erent frequencies are grouped in bins alanthe x axis: thus
bin 1 contains all of the verbs that occurred only once in theocpus, bin 2
contains verbs occurring twice, and so on.

Figure 6: Degree of overgeneralization of non-alternatingerbs by Epoch
for Model L3.
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Figure 7: Percent of generalization of novel verb to the syntéic construction
it was not previously observed in. (a) Model K-L3; (b) Model L3.Model K-
L3 behaves qualitatively like human responses, generalizingst to the other
construction when the semantic feature is consistent with the mealternating
class, and least when it is consistent with the same alternating slst Model
L3 does not, suggesting that the ability to group verbs into appriate
classes might be necessary to capture this aspect of human behavio
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Likelihood of using the novel verb in the syntactic
construction it did not occur in
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Figure 8: Percent of generalization of novel verb to the syntéic construction
it was not previously observed in. As before, the model behavesadjtatively

like human responses, generalizing most to the other constructiovhen the
semantic features are roughly consistent with the non-altertiag class, and
least when it they are more consistent with the same alternatingass.

Simplicity: High Simplicity: Medium Simplicity: Low
Fit: Low Fit: Medium Fit: High

Figure 9: HypothesisA is too simple, since it ts the observed data poorly;
C ts closely but is too complex; andB is “just right." The best description
of the data should optimize a tradeo between complexity andt, as in B.
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