
With no help from syntax: Four models of meaning choice for novel adjectives.

Introduction A growing body of work highlights children’s ability to use syntax to determine the
meanings of novel words (see [S12] for refs). [W12] demonstrated that 4;0-5;0 year-olds leverage
knowledge of syntactic category to learn that a novel superlative gleebest in determiner position, (1),
had a quantity-based interpretation (e.g., most). However, in adjectival position, (2), children chose
a quality-based meaning (e.g., spottiest), even though quantity-based meanings are in principle
possible here. Using four computational models, we investigate the source of this learning bias.

(1) Gleebest of the cows are by the barn

(2) The gleebest cows are by the barn

[W12] presented cards with two groups of cows differing in spottiness and numerosity, one group
by a barn and the other in a field, along with a target sentence ((1), (2) between subjects). True
training cards put the group that was both most numerous and most spotty by the barn, and false
put that group in the field. At test, children sorted new, unambiguous cards–a group was either
most spotty, or most numerous, but not both–according to whether they thought the target sentence
correctly described the card. Children chose by quantity for (1) (72%), and quality for (2) (71%).

Bayesian models of word learning The bias towards a quantity-based meaning for (1) was
expected, but no bias was predicted for (2). We hypothesized that the latter result could find
two sources in the learner: (a) lexical bias, based on the distribution of known gradable adjective
meanings in the child’s lexicon, or (b) salience, the relative difficulty of perceiving and encoding the
differences in numerosity versus spottiness of groups of cows. Word learning in ambiguous contexts
has been successfully modeled using Bayesian inference ([XT7], [G12]). We adapt these models to
explore how (a) and (b) could interact when children generalize about novel superlatives.

A Bayesian model calculates the posterior probability of a hypothesized meaning, h, given some
observed data, d. Here, the hypotheses are whether a novel word encodes a quality- or quantity-based
meaning. The posterior probability, P(h|d), is proportional to the product of the prior probability
of each hypothesis, P(h), and the likelihood of each hypothesis given the data, P(d|h) (Equation 1).

P(hi |d) =
P(d|hi) · P(hi)∑

hj∈{all hypotheses}P(d|hj ) · P(hj )
(1)

A simple model encodes lexical bias (Model 1) or salience (Model 2) directly into the prior. A
slightly more complex model has these factors both influence the prior (Model 3). A different, but
perhaps more realistic model (Model 4), assumes that while lexical bias influences the prior, salience
acts as a confusability parameter. In each model, the likelihood, P(d|h), is assumed to be equal for
each hypothesis, as [W12]’s training stimuli were designed to make both an equally good fit.

Priors We approximated a “lexical prior”, P(hlexicon), by counting gradable adjective types from
parental speech in four CHILDES corpora (cf. [S7]; 45 quality- and 5 quantity-based types). We
approximated a “salience prior”, P(hsalience), by conducting a similarity rating study on 50 adults.
After presenting them with pairs of pictures differing along only one dimension (either pairs of single
cows with 1-10 spots [quality], or pairs of groups numbering 1-10 [quantity]), we measured cluster
distinctiveness based on hierarchical clustering of their judgments of similarity (cf. [XT7],[G12]).
Next, we built a “complex prior” for each hypothesis, which is the joint probability of the lexical
and salience priors.

Prior + confusability A different approach combines the lexical prior with the intuition that
salience impacts how the likelihood, P(d|h), could be encoded with differing reliability for each
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Figure 1: Simulations results and actual child data.
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hypothesis (cf. [LG12]). Thus, Model 4 was the sum of four terms: A,B,C and D (each the posterior
probability of the two hypotheses, given the encoding of the data), where each term was multiplied
by the probability of encoding each data type (Table 1). (Note: β and γ are free parameters
correlated with the relative salience of distinctions on the quality and quantity dimensions.) The
models, along with the role played by the lexical bias and salience, are summarized in Table 2.

Table 1: Terms and parameters in the Differential Encoding model
Term A B C D

Correct encoding? ql = yes, qn =yes ql = no, qn =yes ql = yes, qn =no ql = no, qn =no
Parameter α = P(A) β = P(B) γ = P(C) δ = P(D)

Parameter value α = 1− β − γ − δ β = free γ = free δ = β * γ

Table 2: Role of lexical bias and salience in each model
Model 1 Model 2 Model 3 Model 4

Lexical bias prior – prior prior
Salience – prior prior encoding

Simulations results & Conclusion. The results of the simulations are seen in Figure 1. Only
the models that incorporate the biases from the lexicon reflect the general pattern exhibited by the
children in [W12]’s study (i.e., Models 1, 3, and 4; fourth column). Moreover, Model 4 provides the
closest fit, suggesting that children’s generalizations about novel word meanings are a function both
of the biases they bring to the word learning task and their ability to reliably encode information
in the world. Understanding what these models represent, coupled with the experimental results
reported by [W12], highlights the importance of the linguistic knowledge that children bring to
the word learning task (whether syntactic or lexical), as well as the extralinguistic capacities
and limitations inherent to the learner. Finally, these results emphasize the contributions that
computational modeling, combined with careful empirical work, can make to our understanding of
both language acquisition and linguistic representations.
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