Modeling generalization in perceptual learning of speech
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Abstract

A hallmark of learning is generalization to
novel instances. In speech, exposure to atypical
pronunciation drives perceptual adjustment that
can generalize to unheard tokens. Prior work
has attributed constraints on generalization pri-
marily to acoustic similarity between exposure
and test contexts. We propose that generaliza-
tion can also be understood as an inference
problem: listeners must determine whether,
and how strongly, a learned phonetic mapping
should apply in a new context. We test this pro-
posal using data from a recent experiment in
which listeners were exposed to shifted vowel
pronunciations and then tested on minimal
pairs varying in lexical frequency. Learning
effects appeared strongest when the exposure
direction aligned with a high-frequency alter-
native in mixed-frequency pairs, and were ab-
sent for low-frequency pairs. The observed pat-
tern could reflect token-level acoustic similarity,
reliance on prior expectations, or frequency-
dependent constraints in applying the learned
mapping. We formalized these alternatives
within a Bayesian belief-updating framework:
a talker-specific model assuming full transfer,
a mixture-of-expectations model that interpo-
lates between the updated representation and
the listener’s prior, and a hierarchical Bayesian
model that deploys the updated representation
with uncertainty. The talker-specific model cap-
tured most generalization patterns through its
sensitivity to token-level acoustic properties,
but overpredicted learning for low-frequency
pairs. The hierarchical model best recovered
the theoretically central exposure-control con-
trast pattern, suggesting that lexical frequency
may constrain how learned representations are
applied. Our results provide a computationally
explicit framework for studying how contextual
factors shape generalization in speech percep-
tion.

Keywords: Perceptual learning, computational
modeling, generalization, lexical frequency,
acoustic similarity
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1 Introduction

Listeners rapidly adjust their speech perception in
response to novel pronunciation patterns, demon-
strating remarkable adaptivity (Norris et al., 2003;
Idemaru and Holt, 2011; Clarke and Garrett, 2004;
Bradlow and Bent, 2008; Maye et al., 2008). One
prominent example of this adaptivity is manifested
via lexically-guided perceptual learning (Norris
et al., 2003): brief exposure to an ambiguous
sound in a lexically biasing context—such as a
vowel midway between /1/ and /¢/ embedded in
the word “l[eJmon”, where /e/ is the only vi-
able interpretation—shifts how listeners subse-
quently categorize tokens along the relevant /1/-
/e/continuum such that more tokens are perceived
as /e/ following exposure. This learning effect is
robust across phonemic contrasts and languages
(Kraljic and Samuel, 2006; Chladkové et al., 2017;
Mitterer et al., 2011).

A central question is how such learning general-
izes beyond the immediate exposure context. Prior
work has extensively investigated generalization
across talkers (Bradlow and Bent, 2008; Alexander
and Nygaard, 2019; Baese-Berk et al., 2013; Xie
and Myers, 2017; Xie et al., 2021; Aoki and Zel-
lou, 2025a,b), phonetic contexts and word positions
(Jesse and McQueen, 2011; Mitterer and Reinisch,
2017; Bowers et al., 2016), asking whether adjust-
ments learned during exposure transfer to test. In
this literature, similarity between exposure and test
has been hypothesized to be a primary explanatory
construct: generalization succeeds when the test
context is sufficiently similar to exposure, and fails
otherwise (Kraljic and Samuel, 2006; Eisner and
Mcqueen, 2005; Reinisch and Holt, 2014; Xie and
Myers, 2017; Xie et al., 2021). However, similarity
has been conceptualized at different levels. At the
broadest level, generalization has been shown to
depend on global talker similarity — whether the
test voice matches the exposure voice (Eisner et al.,
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2013; Reinisch and Holt, 2014). At a finer grain, lis-
teners may evaluate the acoustic similarity between
specific test tokens and the distributions encoun-
tered during exposure, such that tokens closer in the
acoustic space to the exposure input are more read-
ily accepted into the updated categories (Chladkova
etal., 2017; Jin et al., 2025). Yet similarity defined
at these levels do not always capture the empirical
pattern (Lai and Tamminga, 2024), and existing ac-
counts also leave open the question of how similar
is similar enough to drive generalization. In the
current paper, we investigate the possibility that
beyond acoustic similarity between exposure and
test tokens, generalization is further constrained
by a listener’s confidence in deploying the learned
mapping in a given test context, which depends on
additional contextual factors.

A recent experiment (Liao and Kang, 2026)
(henceforth LK26) provides a particularly infor-
mative case. In LK26, listeners were exposed to
an ambiguous vowel between /1/ and /e/ embedded
in high-frequency, non-minimal-pair words (e.g.,
kitchen), with the ambiguity biased toward either /1/
(lowering group) or /¢/ (raising group), along with
a control group hearing canonical pronunciations
of both vowels. At test, participants categorized
tokens from a five-step vowel continuum embed-
ded in /1/-/¢/ minimal pairs. Critically, the test pairs
varied in the lexical frequency of the /1/-consistent
and /e/-consistent words, yielding four frequency
configurations: high-high (HH; e.g., sit-set), high-
low (HL; e.g., kick-keck), low-high (LH; e.g., din-
den), and low-low (LL; e.g., trimmer-tremor). The
results revealed that exposure-induced categoriza-
tion shifts were not uniformly expressed across test
conditions (Figure 1). In the mixed-frequency con-
ditions (HL and LH), shifts relative to the control
condition were observed only when the direction
of exposure bias aligned with the high-frequency
member of the pair: in HL, the lowering group
differed from control but the raising group did not;
in LH, the reverse held. In the LL condition, nei-
ther biasing group differed reliably from control,
indicating an absence of detectable learning effects
when both lexical alternatives were low-frequency.
In HH, the lowering effect was more clearly sup-
ported than the raising effect, despite identical ex-
posure structure.

These findings raise an important question: do
the differences across frequency conditions reflect
differences in the learning process itself, or differ-
ences in how a learned phonetic mapping is applied
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Figure 1: Results of the LK26 experiment. Points in-
dicate the mean proportion of /1/-response. Error bars
indicate the standard error of the mean across subjects.
On the x-axis, step 1 represents a more /¢/-like stimu-
lus, and step 5 represents a more /1/-like stimulus. The
distributions of exposure and test items are shown in
Appendix Figure 3 and 4.

at test? Several observations narrow the space of
explanations. First, the same talker produced all
exposure and test items, so differences across fre-
quency conditions cannot be attributed to talker
identity. Second, a frequency-based similarity
account—ypredicting generalization only when the
test frequency bias matches exposure—captures the
HL, LH, and LL patterns but cannot explain why
the lowering group generalized in HH, where nei-
ther alternative had a frequency advantage. Third,
if lexical frequency operated as a general response
bias favoring high-frequency words, exposure ef-
fects should appear regardless of whether the high-
frequency member aligns with the direction of the
shift. Yet the data show that only the shift aligned
with the high-frequency alternative was expressed.
Together, these observations suggest that lexical
frequency did not operate as a simple similarity
dimension or a global response bias.

Because the exposure items were held constant
for each group, it is reasonable to believe that
exposure-elicited learning did not vary across fre-
quency conditions. What varied was how learning
was expressed as a function of word frequency.
This points to a mechanism that modulates the ex-
pression of learning, rather than learning itself.

In this paper, we ask whether, beyond acous-
tic similarity, lexical frequency may serve as the
contextual factor that modulates the expression
of learning. A working hypothesis is that high-
frequency words, supported by more robust men-
tal representations (Pierrehumbert, 2016; Connine
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et al., 1993; Todd et al., 2019), may provide a
sufficiently stable lexical context for the listener
to confidently deploy a recently learned phonetic
adjustment; low-frequency words, with less well-
specified representations, may not. We propose
that generalization of perceptual learning can be
understood as an inference about the applicabil-
ity of a learned phonetic mapping to a novel test
context. In what follows, we formalize the pro-
cess of generalization under uncertainty in three
computationally distinct models and evaluate the
three models against the LK26 data. Our goal is
to determine what kind of mechanism gives rise to
the observed empirical patterns—specifically, the
selective expression of learning as a function of
the frequency structure of test items. In doing so,
we seek to contribute a computationally explicit
framework to the broader literature on how learned
phonetic adjustments generalize beyond the con-
texts in which they were acquired.

2 Possible strategies of generalization

How should we conceptualize the problem that lis-
teners are trying to solve? We contend here that,
similar to perceptual learning, generalization be-
havior can be understood in a general framework
of perceptual inferences under uncertainty. Upon
exposure to novel pronunciation, listeners update
their internal generative models. During generaliza-
tion, listeners must infer which generative model is
most relevant to the current context, as well as the
degree to which that model should guide percep-
tion (Xie and Myers, 2017; Xie et al., 2021; Tan
and Jaeger, 2025).

One possibility is that listeners treat generaliza-
tion trials as a re-encounter with a previously ex-
perienced situation, directly applying the updated
model to novel tokens. Evidence for such full trans-
fer comes from studies showing that learned bound-
ary shifts generalize across word positions without
attenuation (Jesse and McQueen, 2011). This sce-
nario can be modeled through direct application of
a Bayesian ideal adaptor updated during exposure
(Kleinschmidt and Jaeger, 2015), widely employed
to account for adaptation across various paradigms,
including selective adaptation (Kleinschmidt and
Jaeger, 2015), accent adaptation (Tan et al., 2021),
cue reweighting (Lu and Xie, 2024), and lexically-
guided perceptual learning (see a comprehensive
review in Xie et al. (2023)).

However, generalization is not always complete.

Listeners sometimes show little transfer despite suc-
cessful learning—for instance, when the learned
pattern is produced by a speaker for whom it is un-
expected (Eisner et al., 2013). Two computational
mechanisms could give rise to such constrained
generalization. First, listeners may have strong
prior expectations that compete with the updated
model, effectively falling back on longer-term ex-
perience. Kleinschmidt and Jaeger (2015) allude to
this mechanism: categorization can be determined
by combining predictions of multiple generative
models weighted by their inferred relevance, so
that limited generalization arises from a stronger in-
fluence of the prior. We formalize this as a mixture-
of-expectations model, in which responses reflect
a weighted combination of the exposure-updated
representation and the listener’s prior knowledge.

Second, listeners may still adopt the updated
model but deploy it with greater uncertainty. This
intuition can be formalized within a hierarchical
Bayesian framework, which has been widely used
to explain phenomena such as human concept learn-
ing (Kemp et al., 2007), linguistic coordination
and convention (Hawkins et al., 2023) and syn-
tactic priming (Xu and Futrell, 2024). Related
ideas have also been proposed in speech percep-
tion, although they have either not been directly
implemented (Pajak et al., 2016; Kleinschmidt and
Jaeger, 2015), or have been implemented in con-
texts that differ substantially from the present case
(Pajak et al., 2013; Hosier and Bicknell, 2018;
Nielsen and Wilson, 2008). Following Xu and
Futrell (2024), we model listeners as first updating
a higher-level talker-specific representation through
exposure, then generating a lower-level model for
novel test contexts by drawing on this higher-level
representation. A hyperparameter controls how
tightly the lower-level model draws on the updated
representation: larger values yield stronger pooling
(more confident deployment), while smaller val-
ues permit greater deviation (less confident deploy-
ment). In this way, limited generalization arises
from higher uncertainty about the applicability of
the updated model, rather than from reliance on a
competing prior.

3 Modeling

We now provide the mathematical formulation for
the three candidate mechanisms introduced above.
All three share a common learning component—
a Bayesian belief-updating model that estimates
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updated phonetic category representations from
exposure—and differ only in how the learned rep-
resentation is expressed at test. In other words, the
models implement alternative assumptions about
how listeners decide whether the exposure-updated
representation should be applied when categoriz-
ing test tokens in a new lexical context. In both
constrained models (mixture-of-expectations and
hierarchical Bayesian), the transfer parameter is
allowed to vary by frequency, capturing the hy-
pothesis that high-frequency test contexts support
more confident deployment than low-frequency
ones. Next, we describe the steps taken to obtain
model prediction, beginning with the estimation of
listeners’ prior knowledge, before turning to data
pre-processing, confound control, model details,
and optimization procedures.

3.1 Estimating prior knowledge

We adopted the assumption that our participants’
baseline knowledge reflects cumulative experience
with speech in their native environment. To approx-
imate this experience, we pooled together three
Canadian English corpora, reported in a cross-
dialect analysis of English /1/~/¢/ allophony (Smith
et al., 2025). We removed outliers on both the F1
and F2 dimensions, excluding tokens more than 3
standard deviations from the mean. Within each
talker, we sampled an equal number of tokens from
each category to ensure balanced representation.
We excluded talkers who contributed fewer than
the median of the distribution (104 tokens), and
randomly sampled 104+ tokens from each category
for each of the 96 remaining talkers, resulting in a
total of 10,008 observations. The resulting corpus
is shown in Appendix Fig. 5.

3.2 Pre-processing

We converted formant frequencies to the Mel scale
and applied a talker-normalization scheme (Mc-
Murray and Jongman, 2011). F1 and F2 were cen-
tered relative to each talker’s mean cue value. We
performed this procedure on all the tokens, includ-
ing the experiment tokens and those from the cor-
pus used to estimate prior knowledge.

3.3 Category prior and version bias

The test continuum was previously calibrated so
that the midpoint corresponded to equal /1/ and /¢/
response rates, but listeners in this sample showed
more /1/ responses than expected in three of four
conditions (HH, HL, LH in Fig. 1). This could

reflect an asymmetric category prior or a bias from
residual acoustic properties of the source words
used to synthesize the test tokens. To estimate
these confounds, we fit a generalized linear mixed-
effects model to the first 20 test trials from each
control-group participant, restricting the window
to minimize influence of any additional learning
during the test phase (Tan and Jaeger, 2025). Fixed
effects included (i) scaled log-odds predicted by
an ideal observer fitted from the Canadian English
corpora, (ii) scaled log-odds predicted by relative
frequency differences in SUBTLEX Zipf scores
(Brysbaert and New, 2009), and (iii) version (sum-
coded; /1/ =1, /e/ = —1). Random effects included
by-subject intercepts and slopes, and by-word-pair
intercepts.

Listeners were biased toward /1/, with an esti-
mated baseline probability of 0.65 of /1/-response
according to the intercept of the regression model.
Version also significantly predicted responses (8 =
0.54, z = 5.01, p < 0.001), indicating that tokens
morphed from /1/-words were more likely to be cat-
egorized as [1], and vice versa. The same regression
coefficients were used in all models below to off-
set the effects of these variables when computing
categorization responses.

3.4 Learning model

The learning model is a Bayesian ideal adaptor,
as proposed in Kleinschmidt and Jaeger (2015).
This belief-updating model assumes that listeners
represent vowel categories as multivariate Gaus-
sian distributions over F1 and F2, parameterized
by mean p. and covariance X... Listeners’ prior
knowledge for each category c is estimated from
the speech corpus and parameterized by ..o and
>¢0. Two hyperparameters, ko and v, encode
listeners’ confidence in the prior mean and covari-
ance, respectively. kg and vy can be interpreted
as pseudo-counts: smaller values imply weaker
prior commitment and therefore faster adaptation
to incoming evidence.

Upon exposure to a talker, the prior is updated
using the observed input for each category. Let N,
denote the number of observed tokens in category
c. The posterior mean and covariance are given by:

KC,O Me,0 + Nc Ze
KC,O + Nc

ey

He,N =
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Ve o Nc
YeN = ——— — X
N Veo + N 0+ Veo + N < e
KC,O _ _ T
+ m (Te = pe,0)(Te — phe,0)

2

Larger N, provides stronger evidence from the
exposure talker and yields posterior category rep-
resentations that more strongly reflect the recent
input. Note that the update of covariance (Eq. 2) is
also influenced by the updating of the prior mean.

3.5 Generalization models

Building on the learning model, we implemented
three strategies for how listeners might deploy
exposure-updated knowledge at test.

3.5.1 Talker-specific models

Since the experiment employed the same talker
during training and test, listeners may apply the
exposure-updated representation directly to test to-
kens. This talker-specific model is a straightfor-
ward application of the ideal adaptor: the posterior
distributions estimated during exposure serve as
the generative model for categorizing all test items.
Under this model, learning is expressed uniformly
regardless of the frequency structure of the test
context. It therefore serves as the null hypothe-
sis for expression gating: lexical frequency does
not modulate the expression of learning, and high-
and low-frequency words rely on the same updated
model.

3.5.2 Mixture-of-expectations (MoE) model

At test, listeners may have uncertainty about the
applicability of this updated generative model and
partially fall back on the prior knowledge, interpo-
lating between prior knowledge and the exposure-
updated representation. In this model, categoriza-
tion of a test token x, reflects a weighted com-
bination of the posterior predictive distribution
(after exposure) and the prior predictive distribu-
tion (before exposure), governed by w € [0, 1].
Smaller w indicates greater reliance on the prior
(te,0, 2¢c,0) and larger w greater reliance on the
updated model (pc v, X¢ ). Listeners may apply
the updated knowledge differently depending on
word frequency. We therefore allow w to vary by
frequency condition. We used the best-fitting talker-
specific model as the updated model. Each term

in the mixture is the posterior predictive distribu-
tion obtained by marginalizing over the category
parameters, yielding multivariate t distributions:

p(zg | ) = / Py | 0) p(6) b,

:wT<X9 ’ ey,

Ky +1
IQN(I/N—D—i-l)

L —w)T(xg | o,

Ko+ 1
Ho(l/oijLl)

S, I/N—D—i-1>

So, v9 — D+ 1>
(3

, where D is the number of acoustic dimensions
(D=2). We did not mix the two Gaussian distri-
butions directly. Instead, we computed category
likelihoods under the corresponding prior/posterior
predictive functions and then re-normalized the
resulting probabilities after combination. w is sep-
arately fitted for high- and low- frequency words.

3.5.3 Hierarchical Bayesian model

Rather than falling back on the prior, listeners
may still adopt the updated model but deploy it
with greater uncertainty. We capture this by in-
troducing a lower-level representation during test
(parameterized by j14, X4) that is allowed to devi-
ate from the exposure-updated higher-level model
(un, 2N ). The degree of deviation is governed by
the hyperparameters «; and v;. This formulation is
identical to the baseline ideal adaptor, except that
no additional exposure is provided. Operationally,
the best-fitting posterior distribution in the talker-
specific model is taken as the higher-level model.
Since listeners knew that the same talker is speak-
ing during test, the posterior mean of j, and X,
should be centered on py and X, respectively.
Given that E[X,] = Xy and E[ug] = p, the test
mean (f14) and covariance (%) are sampled from:

1

g ~N(pn, —Xg), rk1=XA (4
KN
Eg ~ IW(Sg,I/l), Sg = (V1 —D - 1) ZN,
V= AN+D+1
&)

,where D is the number of acoustic dimensions
(D=2).
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For simplicity, we use a single pooling parame-
ter A to represent confidence in the updated model.
Note that, to ensure the covariance update is always
well-defined, we set ;1 = A + D + 1. The result-
ing posterior predictive is a multivariate student-t
distribution given as

A+2

Crucially, A governs the confidence with which
the learned representation is deployed at test, not
the degree of learning itself. Larger A yields
stronger pooling, reflecting more confident deploy-
ment of the exposure-updated model; smaller A
permits greater deviation, reflecting reduced con-
fidence in applying the updated representation to
the current test context. A is fit for high and low
frequency words separately.

T <uN, Al A+ 2) ©)

3.6 Optimization and model selection

Model parameters were estimated by minimizing
binary cross-entropy (BCE) loss. To ensure that
model fitting was sensitive to the qualitative pat-
tern across all frequency conditions, we computed
BCE on the aggregated response proportions for
each group x frequency configuration x step com-
bination and then averaged across cells. For the
talker-specific model and the hierarchical model,
we set the upper and lower limit of «, v, and \ to
range between 1 and 10,000. For MoE, w ranges
between O and 1. Both MoE and HBM were built
on the best-performing talker-specific model; their
transfer parameters were the only additional free
parameters.

To assess how well the models recovered the
signature learning patterns, we also evaluated their
predictions of log-odds differences between the
biasing conditions (lowering/raising) and the con-
trol condition. For each frequency configura-
tion f, we computed model-human mismatch
in the exposure—control contrasts. Let g €
{lowering, raising, control} index exposure group,
s index continuum step, and ¢ index word pair.
We first averaged response proportions within each
group across participants ¢ (Eq. 7), then computed
the log-odds contrast between each exposure group
and the control group (Eq. 8). Finally, we com-
puted RMSE between model-predicted and human
log-odds contrasts (Eq. 9).

1 Ng.r
ﬁg7f757q = N f Z piagv.ﬂs?q (7)
$I =1

Acl,f,s,q = IOgit(ﬁd,f,s,q) _logit<ﬁcontrol,f,s,q> ®)

where d € {lowering, raising}.

1 2
RVISE = \/ o O (Al )
d’f787q
)

where M is the total number of exposure—control
contrast X frequency-configuration x step x word-
pair comparisons.

4 Simulation results

We present simulation results for the best-
performing models. We evaluated model perfor-
mance along two complementary dimensions. First,
we report BCE in the raw probability space, which
reflects global correspondence between model-
predicted response probabilities and observed re-
sponse proportions. Second, because the central
empirical question concerns how exposure effects
are expressed relative to the control condition, we
computed a contrast-based RMSE over log-odds
differences between each biasing condition and the
corresponding control condition. Thus, BCE asks
which model best captures the overall categoriza-
tion pattern, whereas RMSE asks which model best
captures the theoretically critical exposure-control
contrast pattern. As shown in Table 1 the MoE
model achieved the lowest BCE, indicating the best
global probability-space fit. However, the hierarchi-
cal Bayesian model achieved the lowest contrast-
based RMSE, indicating the closest recovery of the
key generalization pattern. Because our primary
question concerns selective expression of learning
across frequency contexts, we focus below on the
contrast-based comparison (Figure 2) while also
reporting the global BCE metric. In the Appendix,
Figure 6 and Figure 7 present model predictions in
the raw probability space and predicted log-odds
differences at each continuum step.

4.1 Talker-specific model

The best-performing talker-specific model (x = 27
and v = 10.1) reproduces the main qualitative pat-
terns in the human data (Figure 2): it predicts
recalibration for /1/-lowering, but not /¢/-raising
in the HH condition, /1/-lowering only in the HL
condition and /¢/-raising only in the LH condition.
These successes arise from the model’s built-in
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Figure 2: Log-odds differences between lowering/control and raising/control, averaged across continuum steps in
each frequency condition. The red horizontal line indicates no difference between a biasing group and the control
group. Positive values indicate more /1/ responses than in the control group, whereas negative values indicate fewer
/1/ responses than in the control group. Bars indicate listeners’ generalization effects. For listeners, statistical
comparisons were based on post-hoc pairwise comparison derived from the linear mixed-effects model in the
original experiment. P-values were corrected for multiple comparisons. Dots show the generalization effects of the
best-performing models. Significance levels are coded as follows: . p < .10, * p < .05, ** p < .01, *** p < .001.

sensitivity to the acoustic properties of each test
token—that is, from token-level acoustic similarity
between exposure and test distributions. Impor-
tantly, the model fails to capture the LL condition:
it predicts substantial learning effects in both bias-
ing directions, whereas the corresponding effects
in human data were smaller and not statistically re-
liable. This suggests that acoustic similarity alone
accounts for most of the generalization pattern, but
cannot explain why learning is not expressed when
both lexical alternatives are low-frequency.

4.2 Mixture-of-expectations (MoE)

The best-performing MoE parameters were wy, = 1
and w; = 0.84, indicating that the model relies
entirely on the updated representation for high-
frequency words, but places slightly more weight
on the prior for low-frequency words. The MoE
achieves the lowest BCE among the three models
(Table 1), indicating the best global fit in proba-
bility space. However, as shown in Figure 2, the
MOoE model does not improve beyond the talker-
specific model in capturing the theoretically crit-
ical patterns. This can also be confirmed by the
largest RMSE among the three models. The model
predicts a pronounced lowering effect in the LH
condition, which is not observed in listeners’ re-
sponses. It underestimates the degree of /¢/-raising

in the LH condition. And crucially, it predicts ro-
bust /1/-lowering in the LL condition, just as the
talker-specific model does. Taken together, the
MoE model predictions of learning effects do not
improve beyond the learning model. The lack of
improvement, particularly in LL, is likely because
the empirical prior and version bias already bias
the prior model toward /1/, whereas listeners in LL
do not exhibit an /1/ bias. Consequently, lowering
w; does not improve model fit. This in turn helps
explain why the best-performing model assigns a
relatively higher value to w; that preserves learning
effects.

4.3 Hierarchical Bayesian model

The best performing hierarchical model parame-
ters were A\p, = 25.7 and \; = 17.1, indicating
higher confidence in the updated model for high-
frequency words, and lower confidence for low-
frequency words. As in Table 1, in global BCE,
the hierarchical model performs worst among the
three, indicating the worst performance among the
models. The poorer predictive performance likely
arises because we used a single parameter, A, to
govern uncertainty in both the posterior mean and
covariance. In practice, this gives the model fewer
degrees of freedom. It is possible that listeners
have different degrees of confidence in the updated
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estimates of the mean and covariance, and that al-
lowing these to vary separately would yield better
predictions.

Despite its higher BCE, the hierarchical model
provides the best recovery of the condition-specific
learning effects, as reflected in the lowest RMSE
(Table 1). As shown in Figure 2, it comes clos-
est to replicating the qualitative pattern in LL: the
predicted /1/-lowering effect is smaller than in the
other two models, moving in the direction of the
observed null effect. It also provides a better fit
to the null raising effect in HL. Unlike the MoE,
the hierarchical model attenuates learning not by
mixing in a biased prior but by injecting additional
uncertainty into the updated representation itself.
This mechanism is not undermined by the /1/ bias
in the prior, which could be why it succeeds where
the MoE does not.

We note that the hierarchical model’s recovery of
the LL pattern is approximate rather than exact—it
reduces the predicted effect but does not fully elim-
inate it. The RMSE values are broadly consistent
with the qualitative patterns visible in Figure 2:
the hierarchical model shows the best recovery of
condition-specific learning effects, while the talker-
specific model and MoE perform comparably. Our
goal here is not to identify the definitive account but
to evaluate candidate mechanisms. The key finding
is that among the three models, only the hierarchi-
cal model moves predictions in the right direction
for the critical LL condition, and it does so through
reduced expression confidence for low-frequency
words—consistent with the expression-gating hy-
pothesis.

5 Discussions

This paper introduces a modeling framework that
formalizes listeners’ generalization behavior as per-
ceptual inference under uncertainty. We applied
it to LK?26, a recent experiment in which listeners
were exposed to shifted vowel pronunciations em-
bedded in high-frequency words and then tested
on minimal pairs varying in frequency structure
(HH, HL, LH, LL). The key empirical finding is
that identical learning—acquired from the same
exposure items—was expressed selectively at test,
depending on the frequency configuration of the
test pairs.

Our modeling goal is to determine whether the
talker-specific model’s built-in sensitivity to acous-
tic similarity suffices, or whether an additional

Table 1: Best-fitting parameters and model performance.
Learning parameters govern belief updating during ex-
posure; transfer parameters govern expression of learn-
ing at test. MoE and HBM inherit the best-fitting learn-
ing parameters from the talker-specific model. BCE =
mean binary cross-entropy (lower = better global fit).
RMSE = root mean square error measuring the discrep-
ancy between model-predicted and observed general-
ization effects (log-odds differences relative to control,
averaged across continuum steps; lower is better)

Model Learning Transfer BCE RMSE

Talker- K =27

spaecieffc L =101 N/A 0492 0.141
k=27 wp, = 1.00

MoE 0491 0.146
r=101 w;=0.84
k=27 Ap = 25.7

HBM 0.526  0.121
r=101 XN =17.1

expression-gating mechanism modulated by lexical
frequency is needed. We find that the talker-specific
model already captures the generalization patterns
in HH, HL, and LH, but overpredicts learning in
LL. The hierarchical Bayesian model, which allows
reduced confidence in deploying the learned repre-
sentation for low-frequency words, best recovers
the specific pattern across condition, as measured
by the contrast-based RMSE.

Critically, the partial-transfer models, including
the mixture-of-expectations and hierarchical mod-
els, do not introduce lexical frequency as an addi-
tional bias in categorization itself. Rather, building
on the output of the learning model, they construct
different generative models at test that vary in how
tightly they are coupled to the exposure-updated
representation. In this sense, these models formal-
ize variability in the expression of learning rather
than differences in the learning process itself.

Regarding model fitting and comparison, it is
important to note that the models were not tai-
lored to the observed empirical pattern. Although
the MoE and HBM allowed transfer to vary by
lexical frequency, the direction and magnitude of
this effect were not imposed a priori. The fitted
parameters could therefore have converged to no
difference between high- and low-frequency con-
texts, or even to stronger transfer for low-frequency
words. Moreover, because the talker-specific model
does not include frequency-based gating, it could
in principle have provided the best fit. Thus, the
HBM'’s advantage on the contrast-based RMSE
should be interpreted as an empirical outcome of
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model fitting, rather than as a pattern built into the
model by design. Moreover, the MoE also included
frequency-specific parameters but did not best re-
cover the contrast pattern, indicating that allowing
parameters to vary by frequency was not sufficient
by itself.

Our findings align with the predictions of usage-
based models of phonology, which hold that listen-
ers encode and retain fine-grained acoustic detail in
memory, and that the robustness of these representa-
tions varies with frequency (Goldinger, 1996, 1998;
Pierrehumbert, 2001; Wedel, 2006). Agent-based
simulations of sound change have shown that—at
least in some scenarios—high-frequency words
tend to undergo change earlier or more rapidly
than low-frequency words (Pierrehumbert, 2001;
Todd et al., 2019). Our results suggest that sim-
ilar stabilizing forces operate on a much shorter
timescale within individual listeners: expression of
short-term perceptual learning can be gated by lex-
ical frequency, with lower-frequency words less af-
fected by recently learned phonetic adjustments. If
this perceptual conservatism is repeated over time,
it may contribute to the frequency-conditioned tra-
jectories observed in sound change. This is plausi-
ble given the structure of the lexicon: the majority
of words in English are extremely rare (Mandelbrot,
1961; Piantadosi, 2014). It is sensible for listeners
to treat pronunciations heard during brief exposure
as relatively less relevant for predicting how such
words should sound.

A related question is whether the lexical fre-
quency of exposure items also shapes learning.
LK?26 did not test this, because all exposure items
were high-frequency words. Recent work by
Da Silva Vieira (2026) examined exposure lexical
frequency and found no significant learning with
low-frequency exposure items, raising the possibil-
ity that word frequency modulates the uptake of
acoustic input (though see Koo et al. (2023) for con-
trasting evidence). However, differences in task,
stimuli, and test design make direct comparison
difficult. Future work should systematically cross
exposure and test frequency.

Beyond the present within-talker case study, this
framework can inform debates about cross-talker
generalization, where competing accounts attribute
transfer either to exposure to multiple talkers (Brad-
low and Bent, 2008; Aoki and Zellou, 2025b) or to
acoustic similarity (Xie and Myers, 2017; Xie and
Jaeger, 2020; Jin et al., 2025) alone. The ideal adap-
tor captures both training—test similarity and cumu-

lative exposure effects, while constrained models
like MoE and HBM can isolate mechanisms be-
yond quantity or similarity alone.

Limitations

Several limitations should be noted. First, LK26
is, to our knowledge, the only experiment of its
kind to compare generalization responses across
words differing in lexical frequency. However, the
different response pattern observed for LL trials
may partly reflect properties of the stimulus ma-
nipulation rather than lexical frequency per se. In
particular, the psychophysical increments between
stimulus steps might not be identical across con-
tinua, as the test steps were generated through curve
fitting based on categorization responses in the
norming study. Moreover, both the test stimuli and
the original recordings were produced by a single
Canadian English speaker. It is therefore possible
that the observed pattern reflects a combination of
speaker-specific pronunciation, stimulus construc-
tion, and idiosyncrasies of the recruited participant
sample. Further experiments are needed to deter-
mine whether the current findings can indeed be
replicated.

Second, our model comparison should be inter-
preted with caution. We evaluated the best-fitting
version of each candidate model using two com-
plementary metrics: BCE as a measure of global
fit in probability space, and contrast-based RMSE
as a measure of how well each model recovered
the signature exposure-control patterns. Although
these comparisons are informative, differences in
fit should not be taken as definitive evidence that
the candidate mechanisms are uniquely identifiable
from the present data. A stronger test would require
simulation-based model recovery analyses, cross-
validation, and related robustness checks (Wilson
and Collins, 2019). Thus, the present compari-
son should be viewed as a theoretically motivated
proof of concept rather than a definitive adjudica-
tion among mechanisms.
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Figure 3: Distribution of exposure trials (shown in solid
dots), against the Canadian corpus (in faded dots)
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Figure 4: Test items across the four frequency combina-
tions. Values 1-5 indicate the proportion of /1/ responses
estimated in a pilot norming study, corresponding to
0.01, 0.25, 0.50, 0.75, and 0.99, respectively.
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Figure 5: The Canadian corpus. Each dot represents
an item containing /1/ or /¢/. F1 and F2 were centered
relative to each talker’s cue mean, and the grand mean
across all talkers was then added back. Ellipses indicate
the 95% confidence region of the Gaussian distributions
fitted across all talkers..
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Figure 7: Predictions of the best-performing talker-
specific model (top), mixture of expectation model (mid-
dle), and hierarchical Bayesian model (bottom) in the
log-odds space. To highlight learning, the x-axis shows
continuum steps and the y-axis shows log-odds differ-
ences between /1/-lowering and control and between
/e/-raising and control. Solid lines show model predic-
tions, and faded lines reproduce the human data for
comparison. Error bars indicate £1 standard error of
the mean.
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Figure 6: Predictions of the best-performing talker-
specific model (left), mixture-of-expectations model
(middle), and hierarchical Bayesian model (right) in the
raw probability space. Solid lines show model predic-
tions, while faded dashed lines show mean proportion of
/il responses. To improve visual clarity, only the model
error bars (£1 standard error of the mean) are shown
here.
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