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Some fifty years ago, Newell forcefully argued that the psychological sciences lack integrative
theories that predict findings across paradigms; instead focusing on the identification of new
phenomena, each attributed to new specialized mechanisms [1,2]. Recent work on speech
perception has similarly identified a need for more integrative approaches [3,4]. We explore
whether a model-driven approach can provide a parsimonious explanation for a phenomenon that
has received considerable attention (>500 citations), and has been attributed to specialized learning
or memory mechanisms [5-7]: the reduction of perceptual adaptation to unexpected pronunciations
when the talker has a pen in the mouth.

Background. In perceptual learning experiments, listeners are exposed to lexically- or
visually- labeled shifted pronunciation of a particular category (e.g., /s/ sounding /[/-like in words
like dino?aur, epi?ode, etc.). Subsequently, listeners accept more tokens—along e.g., an /asi/-/afi/
continuum—as instances of the shifted category. This change is qualitatively and quantitatively
well-predicted by distributional learning models [10,11]. It is robust to distractor tasks, suggesting
a high degree of automaticity [8,9]. It is, however, strikingly reduced and sometimes even blocked
when the talker has a pen in mouth during the shifted pronunciations [5-7]. Previous work has
attributed this reduction to specialized mechanisms like context-specific storage in memory [5,6]
and/or inferences about the causes for the observed pronunciations [7]. Critically, neither of these
explanations has been shown to be necessary to explain reduced perceptual learning.

Model-driven approach. We thus ask whether known properties of speech perception suffice
to explain reduced perceptual learning. Specifically, we integrated effects of (i) perceptual noise,
(i1) perceptual compensation for audiovisual articulatory context, and (iii) lexical context (Ganong
& word frequency effects) into a distributional learning model known to predict perceptual
learning in the absence of a pen [10]. All of (i-iii) are known to operate during perception (see
Figures 1 and 2). The question is whether their combined effects are sufficient to explain reduced
adaptation, depending on the presence of a pen in the talker’s mouth (which affects compensation).

To address this question, we reanalyzed a recently published experiment on the effect of the
pen [7]. We used published estimates to fix both the (i) perceptual noise for all spectral cues (6,2,,,,=
878 Mel [12]) and (ii) perceptual compensation [13]. The latter provides a quantitative estimate of
the resulting percept for each audio-visual stimulus, based on the acoustics of the speech stimulus,
the visually evident effects of the targeted category (/s/ or /[/), and the location of the pen (hand,
mouth). Similarly, the two learning rate parameters of the ideal adaptor—« & v, determining how
much the model adjusts category means and variances, respectively, based on the input during
exposure—were fixed to those used in previous work [11,14]. This left one parameter not fully
fixed from previous work: the influence of lexical context on categorization (1, expressed in log-
odds). As recent work [15] reports a range of lexical context effects for fricatives (.46 < m < 3.3),
we simulated distributional learning while varying mr from 0 to 4 (n = 500 per 7). Figures 1 and 2
demonstrate the consequences of (i-iii) on perceptual-learning relevant parameters.

Conclusion. Figure 3 qualitatively demonstrates that the blocking/reduction effect observed in
previous work follows from known effects on speech perception (i-iii) even without positing new
memory or learning mechanisms. Specifically, compensation (ii) reduced p(/[/) across all groups,
and lower values of mr (iii) resulted in less difference between biasing groups. These effects interact
in non-trivial ways, so that their joint effects—even while fixed based on previous work—only
become evident once they were integrated into an existing model of adaptive speech perception.
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