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The past decade has seen significant advances in modeling gradient preferences of English speakers using
grammars with probabilistic rules, constraint rankings, or weights inferred from the statistical properties of
the lexicon (Coleman and Pierrehumbert 1997; Treiman, Kessler, Knewasser, Tincoff, and Bowman 2000;
Frisch, Large, and Pisoni 2000; Bailey and Hahn 2001; [Hammond 2004; Hayes and Wilson, in press;
and many others). In study after study, where lexical counts have shown probabilistic differences between
different cluster types, experiments with native speakers have shown corresponding behavior preferences.
At the same, studies investigating substantive biases in phonology have begun to focus on cases in which
speakers’ preferences do not appear to follow straightforwardly from lexical statistics (Moreton 2002, 2007;
Wilson 2003, 2006; Zhang and Lai 2006; Berent et al, in press). For example, Berent et al. (in press) show
that English speakers prefer initial #bn over #bd, even though few or no English words begin with either
cluster. These results show that speaker preferences cannot be guided solely by obvious lexical statistics
such as literal biphone frequency. However, they leave open the question of whether such preferences might
be learned by some less direct means, perhaps involving similarity, phonological features, or some other
mechanism for generalizing from attested to unattested sequeces. In this talk, I report on some attempts to
take on this question, exploring the capacity of similarity-based and natural class-based models to predict
generalization to novel clusters.

Broadly speaking, there are two fundamentally different ways that knowledge of existing sequences could
be leveraged to generalize to novel words: by gauging activation of similar exemplars in the lexicon, or by
abstracting a grammar that encodes knowledge about possible sequences (Bailey and Hahn 2001)). In order
to test the predictions of a similarity-based exemplar model, I use an implementation of Bailey and Hahn’s
Generalized Neighborhood Model, which assesses the aggregate similarity of novel items to the lexicon of
existing words. As a test of feature-based generalization, I consider the predictions of a model that keeps
track of n-grams of natural classes (Albright, in prep). Before we can test the predictions of the models
for preferences among unattested sequences, it is first useful to check their predictions for legal sequences,
since work on gradient phonotactics suggests that lexical models should do well in modeling preferences for
common vs. rare attested combinations. When the models are tested on a set of 70 randomly selected wug
words and their predictions are compared to native speaker ratings, we find moderately strong correlations
(r between .45 and .60, depending on the precise parameters and training set employed). This confirms that
both the similarity based and natural class based models have a certain degree of plausibility as models of
how speakers generalize gradient preferences among attested sequences. Furthermore, Hayes and Wilson (in
press) provide evidence suggesting that this result may extend well to unattested sequences: they compare
the predictions of their inductive model against data involving acceptability ratings from seventh graders
(Scholes 1966) for a mix of attested and unattested sequences, showing that the model achieves a strikingly
close fit to human ratings. When the current models are trained and tested in a similar fashion, they likewise
show a reasonably good fit; the performance of the natural class model is shown in (1)) (#(60) = .83). Thus,
it seems promising that such models could learn preferences such as #bn > #bd.



The predictions of the GNM and natural class based models, as well as Hayes and Wilson’s MaxEnt model,
were compared for a variety of unattested onset clusters for which judgment data is available. The results
show that for some comparisons, all three models agree that there is greater lexical support for the preferred
cluster. For example, #bn receives greater support from existing onsets than #bd does, no matter whether it is
evaluated via combinations of natural classes or by raw perceptual similarity ((2)). Although this result rests
on a particular set of assumptions about how the models are trained and tested, it does raise the possibility
that the preference documented by Berent et al. could somehow be inferred from the data of English. On
the other hand, all three models show a preference for #bn > #bw, while speakers show exactly the opposite
preference (Albright 2007). Similarly, significant preferences for #bw > #dl (Moreton 2002) and #sp > #sk
(Scholes 1966) are not correctly predicted by any of the models tested ((3)—(5)). Although it is not clear to
what extent these discrepancies point to failings of the model and to what extent they diagnose substantive
biases, it is perhaps not a coincidental that they all mirror differences in cue availability for C; or Cy in the
cluster. I show that when phonetically motivated biases are imposed on the inductive model, it can achieve
a very close fit to human ratings. I conclude that the search for evidence for substantive biases must be a
multi-pronged effort involving not only experimentation, but also a good faith attempt to model preferences
based on linguistic experience and a careful consideration of the nature of the biases involved.

(1) Predictions of natural class model for Scholes (1966) data
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(5) sp > sk (Scholes 1966): Not learned
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