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ABSTRACT

Speech prosody plays an important role in communication of meaning. The cognitive and computational
mechanisms supporting this communication remain to be understood, however. Prosodic cues vary across talkers
and speaking conditions, creating ambiguity in the sound-to-meaning mapping. We hypothesize that listeners
ameliorate this ambiguity in part by learning talker-specific statistics of prosodic cues. To test this hypothesis, we
investigate the production and recognition of question vs. statement prosody in American English. Experiment 1
elicits productions of questions and statements from 65 talkers to examine the distributional statistics charac-
terizing within- and cross-talker variability in these productions. We use Bayesian ideal observer models to assess
the predicted consequences of cross-talker variability on listeners’ recognition of prosody. We find that learning
of talker-specific distributional statistics is predicted to facilitate recognition, above and beyond what can be
achieved via commonly assumed normalizations of prosodic cues. Experiment 2 tests this prediction in a
comprehension experiment. We expose different groups of listeners to different prosodic input statistics and
assess listeners’ recognition of questions and statements both prior to, and following, exposure. Prior to exposure,
ideal observer-derived predictions based on Experiment 1 provide a good qualitative fit against listeners’
recognition of prosodic contours in Experiment 2. Following exposure, listeners shift the categorization boundary

between questions and statements in ways consistent with learning of talker-specific statistics.

1. Introduction

Prosody—the rhythm and cadence of speech—plays a critical role in
the communication of meaning. Subtle differences in utterance-final
intonation contours, for instance, change an utterance’s meaning from
a statement (e.g., It’s raining. [falling intonation]) to a question (e.g., It’s
raining? [rising intonation]). There is a rich evidence base indicating
that listeners recognize such meaning-distinguishing prosodic categories
(Bolinger, 1989; Gussenhoven, 2002; (Ladd, D Robert, 2008); Pierre-
humbert and Hirschberg, 1990) and integrate the meaning as an utter-
ance unfolds (Cutler, 2015; Dahan, 2015; Ito and Speer, 2008; Weber
et al., 2006). However, the cognitive and perceptual mechanisms sup-
porting this recognition remain poorly understood.

One major source of difficulty stems from variability in the prosodic
signal across talkers and contexts (Arvaniti, 2019; Brugos et al., 2006;
Cangemi et al., 2015; Cangemi and Grice, 2016; Cole, 2015). Continuing

on the case of statements vs. questions in American English, the exact
form and level of the rise produced to signal a question meaning can
vary across talkers as well as talker groups (e.g., age, gender, dialect)
(Arvaniti and Garding, 2007; Clopper and Smiljanic, 2011). For
example, due to difficulties in controlling their pitch, young children
tend to produce a smaller degree of a rise than older children (Patel and
Grigos, 2006). Also, rising intonation can be used to signal other,
including social, meanings (e.g., ‘uptalk’, Warren, 2016). As a result of
this talker variability, one person’s production of a statement and
another person’s production of a question can be phonetically identical.

The present study explores how listeners may navigate this “lack of
invariance” in the realization of prosody. Although talker variability in
speech acoustics has been an issue central to speech perception research
(e.g., Hillenbrand et al., 1995; Newman et al., 2001; Theodore et al.,
2009), relevant accounts for how listeners may cope with the variability
focus almost exclusively on segmental (as opposed to prosodic) speech
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perception. Here we begin to test a hypothesis that listeners track and
learn structured phonetic variation to optimize the mapping to prosodic
categories on a talker-contingent basis. As a first step, we examine the
structure in talker variability of declarative questions vs. statements (e.
g., It’s raining? vs. It’s raining.). Below, we briefly review relevant
background and outline three concrete steps we take in the present
study.

1.1. What is known about how comprehension copes with cross-talker
variability?

Listeners appear to cope with variability in the prosodic input in
more than one way (Lehet and Holt, 2020). One mechanism is called
normalization or compensation. Both FO and changes in FO (e.g., rising
and falling) are known to be perceived relative to a given talker’s FO
baseline (Bishop and Keating, 2012; Hirschberg et al., 2004; Mahrt et al.,
2012; Tang et al., 2017). Similarly, rhythmical and durational infor-
mation can be evaluated relative to the local speech rate (Baese-Berk
et al., 2014; Diehl et al., 1980; Reinisch and Maximilian, 2015; Sawusch
and Newman, 2000): the same physical duration can be perceived as
“long” or “short” depending on the local speech rate. There is now
considerable evidence that such normalization can occur within 20 to
50 ms of speech (Lee, 2009) and operate continuously as an utterance
unfolds (also known as “distal prosody”, Brown et al., 2011; Dilley and
Pitt, 2010; Morrill et al., 2015).

Normalization is generally taken to be a low-level auditory proc-
ess—a type of automatic signal transformation (Adank et al., 2015;
Flynn and Foulkes, 2011; Lobanov, 1971; Monahan and Idsardi, 2010).
Recognition of a sound category is thought to involve normalization
either based on previous observations of the same category (extrinsic
normalization) or based on other concurrently perceived features
(intrinsic normalization, e.g., between the first and second formant based
on pitch in vowel perception, Adank et al., 2004). Often implicit in this
view is the assumption of an underlying, invariant, mapping between
phonetic cues and abstract linguistic categories (e.g., phonemes).
Normalization strips away and discards surface variability, enabling
listeners to arrive at categories universal across talkers and contexts (for
review and critique, see Weatherholtz & Jaeger, 2016).2

An alternative view—the one we seek to explore here—suggests that
the human comprehension system learns and stores variability in the
input (Kurumada et al., 2017; Roettger and Franke, 2019; Roettger and
Rimland, 2020). Prominent theoretical frameworks that incorporate this
idea include Bayesian (Clayards et al., 2008; Norris and McQueen,
2008), episodic (Goldinger, 1996a), or exemplar theories (e.g., Johnson,
1990; Nygaard et al.,, 1994; Pierrehumbert, 2001; for prosody:
Schweitzer, 2012; Smith and Hawkins, 2012). While different in
important details, these frameworks identify the significance of retain-
ing idiosyncratic differences across talkers instead of discarding them.
Listeners are expected to retain, rather than discard, knowledge about
talker- or group-specific cue-category mappings and draw on this
knowledge during recognition.

For instance, Warren (2017) showed that the interpretation of
utterance-final rising pitch in New Zealand English (NZE) can depend on
the (inferred) age of the talker. Both younger and older speakers of NZE

2 The term normalization is also sometimes used in a broader sense, referring
to signal transformations that do not solely rely on the local signal (e.g.,
Johnson, 2005b). Those instances of ‘normalization’ might require storage, and
thus learning, of the relevant information from previous observation. For
example, pitch normalization relative to the talkers’ age or gender might fall
into this category (Bishop and Keating, 2012), as do any approaches that
interpret cues relative to talker-specific expectations (e.g., C-CuRE, McMurray
and Jongman, 2011). For any of these accounts, the question arises of how
those “relative expectations” come to be stored in the first place. These accounts
thus raise the same question we explore here.
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use utterance final rising pitch for questions, but some younger speakers
also use a variant of utterance-final rising pitch in statements (“uptalk”,
Warren, 2016). Under the type of account we investigate here, we expect
NZE listeners to be less likely to interpret an utterance-final rising pitch
as a question for young talkers, compared to old talkers. This is what
Warren (2017) found. Critically, the local prosody (e.g., the mean pitch
preceding the final rise) was held constant in the experiment, so that
Warren’s findings cannot be accounted for in terms of talker-
independent normalization. The proposal that listeners derive expecta-
tions for talker-specific pronunciations further predicts that increasing
exposure to a previously unfamiliar talker should facilitate faster and
more accurate distinction of question vs. statement, in line with existing
evidence (Saindon et al., 2017).

Results like these point to an intriguing possibility that listeners learn
and store previously experienced input in a way that helps to overcome
the cross-talker variability. How this is achieved, however, remains an
open question. The proposal that we explore here holds that listeners
learn to build talker-specific expectations about phonetic distributions
(Chodroff and Wilson, 2017; Kleinschmidt and Jaeger, 2015). Listeners
may then deploy or “swap out” these expectations whenever the talker
swiches. Tests of this view have so far been limited to segmental speech
perception—specifically, changes in how listeners categorize, say /b/ vs.
/p/, following exposure to an unfamiliar talker (Clayards et al., 2008;
Kleinschmidt and Jaeger, 2016; Theodore and Monto, 2019). These
studies have found that distributional learning—changes in listeners’
implicit beliefs about the mean and variance of speech catego-
ries—provides a good qualitative and quantitative model of human
perceptual judgments. The goal of the present work is to provide an
initial test of this hypothesis in the domain of prosody. To this end, we
address three important gaps in the literature.

1.2. Present study: talker-related variability in declarative question vs.
statement prosody

The first gap pertains to a basic question: (1) What does the distribu-
tional structure of phonetic cues to prosody look like? Although recent
studies have begun to describe “talker-specific” realizations of prosodic
categories (Brugos et al., 2006; Cangemi et al., 2015; Chodroff and Cole,
2019b), quantification of how and how much talkers vary in their pro-
ductions has still been limited. In particular, a better understanding of
the ‘typical’ distribution of phonetic cues to prosody is critical to tests of
the distributional learning hypothesis. Influential accounts of speech
perception share the assumption that listeners recognize new input
based on previously experienced input (Goldinger, 1996b; Hay et al.,
2006; Johnson, 2005a; Kraljic and Samuel, 2011; Norris et al., 2015;
Pierrehumbert, 2003, inter alios). One way to conceptualize this is that
listeners’ expectations for input from a “typical” unfamiliar talker are
incrementally updated based on subsequent input from that talker
(Kleinschmidt and Jaeger, 2015, 2016). In short, without knowing more
about a structure in phonetic distributions across talkers, it is impossible
to understand the changes listeners might exhibit when they are exposed
to an unfamiliar talker.

The second gap we seek to address concerns the question: (2) Is
talker-specific distributional learning expected to improve recognition above
and beyond what can be achieved via normalizations? Put differently, we
ask if talker-specific learning is even expected to be critical for prosodic
processing. There certainly are situations in which normalization alone
cannot resolve cross-talker variability in the cue-category mapping. In
extreme cases, listeners experience a full-scale category mismatch (e.g.,
yes-no questions in some British dialects regularly have a falling into-
nation, unlike in most variants of American English, Crystal, 1969;
Grabe & Post, 2002; Grabe, 2002). This variation, like many other ac-
cent features, must be learned and stored. Yet, it is possible that such
categorical differences are restricted to highly idiosyncratic cases, and
that most variability encountered within a variant of English can be
resolved through normalization of phonetic cues against its surrounding
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context (e.g., baseline vocal pitch height, speech rate, vocal range). In
that case, learning the mapping for each individual talker may not be
critical.

The third gap concerns what human listeners actually do: (3) Can
listeners learn to adapt their implicit expectations about the cue distributions?
There are so far only a few studies that directly manipulate the prosodic
input, or reliability with which prosodic cues support a particular
meaning (Kurumada et al., 2017; Nakamura et al., 2019; Roettger and
Franke, 2019). Kurumada et al. (2017), for example, used between
subject conditions in a perceptual learning paradigm (e.g., Fisner &
McQueen, 2005; Kraljic and Samuel, 2005; Norris et al., 2003; Liu &
Jaeger, 2018). They demonstrated that a priori ambiguous tokens
receive distinct interpretations according to the patterns seen in the
input. However, none of these studies has made a direct link between
phonetic distributions in production and listeners’ recognition of pro-
sodic categories. Laying out such link forms a core of the current
investigation.

To address questions (1) and (2), we administer a large-scale pro-
duction experiment to assess within- and cross-talker variability asso-
ciated with productions of declarative question vs. statement prosody.
We qualitatively and quantitatively assess the variability of phonetic cue
distributions both within and across talkers. We then use a computa-
tional model (“ideal observers”) to test how much recognition can in
principle improve if listeners learn the talker-specific distributional sta-
tistics. We do so both with the raw, un-normalized, cues and while
considering commonly assumed types of normalization. To address
question (3), we conduct a comprehension experiment to examine: a)
how cue distributions in the production data can predict listeners’
recognition judgments at the outset of the exposure; and b) whether
listeners continue to adapt their judgments in response to input from a
particular talker.

At its essence, we submit, prosodic processing is inference over noisy
and variable perceptual input. As such, listeners’ judgments are likely
impacted by their knowledge of an expected structure of phonetic cues
and how the structure varies across contexts (e.g., talkers). Despite the
increasing interests in prosodic variability, it has so far not been fully
recognized just how far-reaching the consequences of the distributional
knowledge are (but see Cangemi and Grice, 2016). Declarative questions
vs. statements (e.g., It’s raining? vs. It’s raining) offer a suitable test-case
for this exploration. Prosodic realizations of questions and subtle dif-
ferences across different question types (e.g., declarative vs. interroga-
tive) have been studied extensively (Geffen and Mintz, 2017; Grabe,
2002; Haan, 2001). Unlike many other prosodic categories, the question
vs. statement contrasts in their prosodic features as well as in their
meaning are relatively clear-cut and accessible to both talkers and lis-
teners (Bartels, 1999; Bogels and Torreira, 2015; Couper-Kuhlen and
Selting, 1996; Doherty et al., 2003; Doherty et al., 2004; Gussenhoven,
1999). In the general discussion, we paint a broader picture of how our
approach might scale to other types of prosodic categories (e.g., pitch
accents).

2. Experiment 1: characterizing the variability of prosodic
production

To examine distributional statistics and their potential impacts on
comprehension (Questions 1 and 2), we construct a database of
declarative question vs. statement productions from 65 native speakers
of American English. We phonetically annotate the FO and duration of
all syllables in those sentences to verify that declarative questions are
distinguished from statements primarily in the FO contour during the
final syllable (i.e., —ing).

To address question (1), we visually examine the distribution of the
FO and duration, depending on whether the utterance is intended to be a
question or a statement. We consider this comparison for both raw, un-
normalized cues (FO and syllable duration), and for normalized cues. To
anticipate the results, we find that there is substantial overlap between
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the joint FO-duration distributions of question and declarative pro-
ductions. This overlap persists under multiple commonly applied nor-
malizations. We show that much of this overlap is avoided if the FO-
duration distributions are visualized separately by talker. In other
words, the extensive overlap across talkers results from cross-talker
variability rather than from lack of consistency within each talker.

To address question (2), we employ Bayesian ideal observer models
to quantify how critical learning talker-relevant information is for
comprehension. Specifically, we compare a set of models trained in
different cue spaces (e.g., un-normalized vs. normalized) and with
different amounts of talker-information. We note that there is a wide
range of normalization methods and information assumptions one can
apply, making it impossible to test all possible models. Here, we present
and compare six models that represent varying levels of talker-
specificity (in the General Discussion, we outline ways in which one
can extend the current approach).

2.1. Methods

2.1.1. Participants

65 (17 male, 48 female) undergraduate students of University of
Rochester participated in exchange for monetary compensation. The
number of participants was determined based on a similar large-scale
production experiment conducted in the past (Buxo-Lugo et al., 2018).
All participants were native speakers of American English and naive to
the purpose of the experiment.

2.1.2. Materials

We constructed 24 sentences in the form: It’s X-ing (e.g., It’s raining).
The verb stems used were all monosyllabic but varied in their syllable
structures (see Appendix I). Diverse lexical contents were included to
emulate the variability in natural language use stemming from the
segmental features of words as well as their semantic (as well as situa-
tional) information that could affect production of the It’s X-ing
utterances.

2.1.3. Procedure

Each subject attended a recording session individually in a recording
booth. Subjects were instructed to read the sentence on the screen first
and then produce the sentence out loud as a question or a statement
according to the punctuation displayed at the end of a sentence (e.g., It’s
raining {./?}). After producing each sentence, subjects clicked on a
button on the screen to proceed to the next sentence in a self-paced
manner. They produced all 24 sentences, once as a question and once
as a statement, in unconstrained randomized order (48 trials in total).

2.1.4. Annotation

We excluded tokens with production errors such as false starts,
insertion of filled and unfilled pauses mid-sentence, and production of a
wrong verb (segmental change) (4.7% of all tokens). After the exclu-
sions, 2974 recorded sentences were segmented into the following three
syllables: 1) it’s, 2) the stressed syllable (verb stem), and 3) -ing. The
segmentation and annotations were conducted by the three experi-
menters: two took the first pass through the recordings based on the
agreed upon criteria (Supplementary Information), and the third person
verified the annotations. Any inconsistencies were resolved through
discussions. We extracted FO (mean FO across each syllable) and dura-
tion of these three segments using Praat (Boersma and Weenink, 2012;
Moulines and Charpentier, 1990). For ease of comparison to previous
work on question and statement prosody, we show F0 in Hz, rather than
on a log-transformed scale, such as Mel (Stevens et al., 1937) or Bark
(Zwicker, 1961).

Replicating previous work (e.g., Bartels, 1999; Hedberg et al., 2017;
Patel and Grigos, 2006), question and statement productions differed
primarily in the FO of the final syllable (i.e., —ing) (Fig. 1A). For this
reason, the analyses of variability we present below will focus primarily
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A Summary of all tokens

B “It's changing”
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Fig. 1. Pitch contours for each sentence category (questions and statements) in Experiment 1. A: Mean syllable duration (top) and mean FO values with bootstrapped
95% CIs (bottom). B: Productions of “It’s changing™ by the 65 talkers in the dataset. Top: Un-normalized, raw, cues plotted along the dimensions of duration (x-axis)
and FO (y-axis). Bottom: Cues after duration is equated for all the tokens. Bold lines indicate average contours across all tokens.

on the third, and final, syllable. It is important, however, to note that the
difference in the overall means of the two categories conveys little in-
formation about the extent to which the distributions of the two cate-
gories overlap. It is in fact the latter—the extent to which the phonetic
realizations of questions and statements overlap—that determines the
perceptual ambiguity that listeners must resolve. To illustrate, Fig. 1B
shows the pitch contours of all 65 talkers for one item type (It’s chang-
ing). The heterogeneity and the cross-category overlap of the distribu-
tions provide initial support to the assumption that there is no discrete
mapping between the prosodic categories and cues used to encode the
categories (i.e., lack of invariance).

2.2. Visualizing distributions of mean FO and duration of the utterance-
final syllable

We first present the marginal (i.e., talker-independent) distributions
of raw FO and duration—i.e., ignoring both talker identity and potential
normalization. We then zoom into characteristics of productions by in-
dividual talkers. This serves as an initial illustration of the substantial
variability across talkers in the realization of prosodic categories. We
then show that the variability of the marginal distributions is only
minimally ameliorated under commonly assumed normalization pro-
cesses. Together, these visualizations address the first goal of Experi-
ment 1, to provide an intuitive characterization of the within- and cross-
talker variability in prosodic realization for the case of declarative
questions and statements.

2.2.1. Marginal distribution of raw, un-normalized phonetic cues

Fig. 2 shows the distributions of raw (un-normalized) FO and dura-
tion measured on the final syllable. The visualization here follows the
majority of previous work that pools the data from all participants
without applying any form of normalization to the cues (as in e.g., Buxo-
Lugo et al., 2016; Patel and Grigos, 2006; Prieto et al., 2010).°

The data in Fig. 2 support three key observations about the marginal
distribution of raw cues. First, in accordance with the previous work and
our general intuition (Bartels, 1999; Bogels and Torreira, 2015;

3 The distributions in Figure 2 appear to be bimodal along FO. This bimo-
dality is in part attributable to by-gender differences in pitch, which we discuss
in Section 3. We also found that a subset of female talkers exhibited lower
baseline pitch compared to the other female talkers, further contributing to the
bimodality. Differences across items (i.e., verbs) did not significantly contribute
to this pattern.

Statement

Question

Sentence

500 1

FO (Hz)

100 1

02 03 04 05
Duration (s)

00 0.1

Fig. 2. Distribution of un-normalized utterance-final FO and duration for each
sentence category across all talkers. Points show individual tokens. Ellipses
show bivariate Gaussian 95% CI of each category.

Bolinger, 1986; Couper-Kuhlen and Selting, 1996; Gussenhoven, 1999;
Hedberg et al., 2017; Pierrehumbert and Hirschberg, 1990), questions
and statements are overall better separated along FO than syllable
duration. In fact, Fig. 2 suggests no separation along duration at all. This
contrasts to a previous finding with smaller sample sizes (12 talkers
across 3 age groups) that questions are associated with longer duration
of the final syllable (Patel and Grigos, 2006). We will examine in the
next section if such a tendency was exhibited by some, if not all, talkers.

Second, as we anticipated based on Fig. 1B, there is substantial
overlap between acoustic cue distributions of the question and state-
ment categories, even along FO. Prior to considering normalization or
talker-specific interpretation of cues, a large proportion of the question
and statement productions would fall into the region that can feasibly be
associated with either category, making these tokens potentially
ambiguous to listeners.

Third, the variability of FO seems to be larger for the question cat-
egory—characterized by the lower densities and wider variances of
distributions in Fig. 2—than for the statement category, at least when
measured in Hz. Talkers are comparatively consistent in how to encode
the statement category (A similar asymmetry was reported by Cangemi
and Grice (2016)). One possible explanation for this is that statements
are the “default” or unmarked pattern of production. Alternatively, or
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additionally, it is possible that the productions elicited as questions
reflect multiple types of questions that are characterized by distinct se-
mantics and accompanied slightly different phonetic realizations (e.g.,
“assertive” vs. “inquisitive” declaratives with rising boundary tone,
Jeong, 2018). That is, different participants might have called to mind
slightly different types of declarative questions. A third possibility is that
the larger variability of questions is an artifact of comparing categories
in Hz, rather than a log-transformed scale like Mel or Bark. Although of
importance to theories for question sentences in English, we do not
explore it further since it is not central to the present purpose.

2.2.2. Talker-specific distribution of raw, un-normalized phonetic cues

To what extent is the category overlap seen in Fig. 2 due to variable
realizations of prosody between talkers? Fig. 3 shows six sample talkers
for a comparison (see Supplementary Information for acoustic distri-
butions for all 65 talkers). This reveals a remarkable degree of variability
between talkers. Talkers differ both in terms of category means and in
terms of category shapes. This includes cross-talker differences in the
magnitude of variability along FO and duration, as well as the correla-
tion between the two cues. Talkers also vary widely in how their pro-
ductions of the two categories deviate from what can be a priori expected
from the marginal distributions. That is, some talkers’ distributions
largely resemble the marginal distributions (e.g., Talkers (c), (e), and (f))
while others do so less (e.g., Talkers (a) and (b)).

Although FO was the primary cue for most talkers, some talkers also
used syllable duration (e.g., Fig. 3 (c) and (d)). This confirms findings
that utterance-final syllable duration can be a cue to the question-
statement contrast (Patel and Grigos, 2006, as mentioned above). It
also serves as a reminder for caution: if only marginal distributions are
analyzed (ignoring differences between talkers), studies, especially
those with smaller sample sizes, might well come to seemingly con-
flicting conclusions about the realization of phonetic or prosodic
contrasts.

In stark contrast to the substantial variability across talkers, the
realization of questions and statements was rather consistent within each
talker. This is reflected in the small degree of overlap between the two
categories within each talker, compared to the marginal distributions. In
quite a few talkers (e.g., Talkers (a), (d)-(f)), productions are in fact
cleanly separated along FO if the talker-specific realization of questions
and statements is considered.

This suggests that the substantial overlap seen in the marginal dis-
tributions in Fig. 2 results in large part from differences between talkers,
rather than category variability within talkers. This provides initial
support for the hypothesis that there is systematic structure in the cross-
talker variability. A failure to recognize this structure is therefore pre-
dicted to impede comprehension (Kleinschmidt, 2019; Kleinschmidt and
Jaeger, 2015; McMurray and Jongman, 2011). This motivates the
quantitative explorations of the benefit listeners would gain by learning
such talker-specific structures and idiosyncrasies that we present below.
Before turning to that exploration, we ask whether variability can be
removed, or at least substantially reduced, by normalization.

2.2.3. Is normalization a solution to the lack of invariance?

To test if the variability can be removed by normalization, we
transform both phonetic cues (i.e., FO and duration) by crossing two
different types of baselines used in previous work: for a given utterance
(extrinsic normalization) and for a given talker (intrinsic normalization).

To normalize cues within an utterance, we subtract values of the
second syllable from those of the final one to compute the difference
between the two. This reflects the idea that the question vs. statement
categories are recognized by perceiving the relative changes of phonetic
cues within an utterance rather than their absolute values (Chodroff and
Cole, 2019a; J. B. Pierrehumbert, 1979)—an assumption that is also
central to work on utterance-internal calibration of prosodic processing
(e.g., Brown et al., 2011; Dilley and Pitt, 2010; Morrill et al., 2014;
Reinisch et al., 2011). As we implement it here, those utterance-
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normalized cues entail no talker information other than what occurs
within the same utterance (but see, Baese-Berk et al., 2014; Maslowski
et al., 2019). As such, this type of normalization is considered cogni-
tively and computationally less taxing compared to those that require
estimating a baseline across multiple utterances from the same talker.

To normalize cues within a talker, we first compute the mean of a
particular cue (i.e., FO or duration) across all tokens of the final syllable
produced by the same talker (irrespective of their category affiliation).
We then subtract the mean from the value of each token." Considering a
talker-specific baseline is proven effective for compensating cross-talker
variability due to physiological differences (e.g., vocal tract length,
Johnson, 2005a). Talker-normalized cues have been used, for example,
in the C-CuRE model of speech perception, providing a good fit against
listeners’ perception of segmental categories (McMurray and Jongman,
2011). This type of normalization goes beyond taking a running average
of acoustic-phonetic cues within an utterance. It can therefore be
considered a form of learning, whereby listeners store information about
past exposures to a given talker. Unlike the talker-specific models which
we discuss below, however, models like C-CuRE do not consider
category-specific differences between talkers.

Finally, to account for the possibility that both types of normaliza-
tion are applied, we first implemented utterance normalization and then
subtracted out talker’s mean of the utterance-normalized cues values
across the talkers’ tokens from both categories (similar to what was used
in Ryalls et al., 1994).

Fig. 4 compares the un-normalized (Fig. 4A, same as Fig. 2) and
normalized marginal distributions (Fig. 4B-D). Even after normalization,
question and statement realizations continue to exhibit substantial
overlap. There is thus little evidence that utterance- or talker-
normalized cues lead to a clear separation of the categories. (We
quantify the degrees of separations between the categories in Section
2.3).° This shows the depth of the “lack of invariance” problem in pro-
sodic category recognition. A majority of past research has assumed that
the “rise” and “fall” of pitch, a critical predictor of the question vs.
statement categories, can be rather straightforwardly extracted once a
contextual baseline is considered. The data in fact suggest that no simple
normalization may suffice.

Fig. 4E shows by-talker distributions of FO (thin dotted lines) after
both types of normalizations were applied. As seen in Fig. 3, each
talker’s distribution is tightly clustered around its mean. However,
means and variances of these talker-specific distributions vary between
talkers, contributing to the overlap between the marginal distributions
of the two categories (solid lines). In short, commonly applied normal-
izations do not seem to effectively ameliorate cross-talker variability in
the realization of questions and statement prosody.

2.3. Predicting expected gains in comprehension from production data

We now turn to question (2). We ask if talker-specific distributional
learning is expected to improve recognition above and beyond what can
be achieved via normalizations. To this end, we train different ideal
observer models and use them to quantify the expected benefit of the
knowledge of talker-specific distributions to recognition accuracies (see

4 This method for talker-normalization is also known as “centering.” It ac-
counts for baseline differences across cue means but not variances. We have
also considered z-score transformations of cues to account for variability of cue
variances. We do not report the results of z-scoring here for the sake of
simplicity and ease of comparison between our models and previously imple-
mented models. In particular, we chose the current method of talker-based
normalization because of its conceptual similarity to McMurray and Jong-
man’s (2011) C-CuRE model.

5 There is some evidence that the bimodality of the FO distribution in the raw
cue distributions (Figure 4A) is reduced by normalization (Figure 4B-D).
However, this only mitigates, but does not remove, the category overlap.
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recent work on segmental perception, Kleinschmidt, 2019; Kleinschmidt
et al., 2018).° Before we turn to our design, we briefly provide some
background on this approach.

Ideal observer models assume that listeners infer the posterior
probabilities of the intended category (here: questions or statements)
from the observed acoustic input based on their implicit knowledge of
the relevant statistics. Bayes’ rule states that the posterior probability
that a token i is a member of a category c, p(c| token;), is proportional to
the likelihood of observing token i given the category c, p(token;| ¢), and
the prior probability of hearing a category c in this context, p(c). The
posterior probability of a statement is 1 minus the posterior probability
of a question, so the posterior probabilities of the two categories always
add to 1 (Clayards et al., 2008; Kleinschmidt and Jaeger, 2015; Kronrod
et al., 2016; Rohde and Kurumada, 2018).

To predict recognition judgments, it is further necessary to specify a
decision rule that allows listeners to make a choice between the two
categories based on the posterior probability of each category (for
introduction, see Friedman and Massaro, 1998). We follow previous
work on speech perception (Dahan et al., 2001; Feldman et al., 2009;
Luce and Pisoni, 1998) and assume Luce’s choice rule (Luce, 1963),
which assumes that observers respond by proportionally sampling from
the posterior distribution of the alternative categories (i.e., the question
category and the statement category) and that other irrelevant alter-
natives play no role in the decision. Under this decision rule, the prob-
ability of recognizing a token i as a question is simply:

© For the present purpose, exemplar-based models (Foulkes and Hay, 2015; K
Johnson, 2005; J. B. Pierrehumbert, 2001) or commonly used measures of
category separability (Newman et al., 2001; Xie & Jaeger, 2020) would present
alternative approaches that should yield qualitatively identical results.

p(resp = question|token;)

_ p(token; | question)*p( question)
~ p(token; | question)*p( question) + p(token; | statement)*p(statement)

Critically, the likelihood term depends on the distribution of the
cues. It follows that the posterior probabilities depend on the distribu-
tion of cues for both the question and statement categories. Fig. 5
visually illustrates how ideal observers link production data (i.e., the
distribution of cues, shown in the left panels) to predictions about
recognition (i.e., the ideal categorization function, shown in the right
panel). The top panel of Fig. 5 makes this link for the case in which only
one cue is considered (here: FO). The bottom panel extends the exact
same reasoning to the case in which two cues (here: FO and syllable
duration) are considered. In both cases, the left panels show the simu-
lated marginal cue distributions of the two categories (i.e., questions and
statements).” The right panels show the resulting ideal categorization
function if the prior probability of questions and statements is the same
(“a uniform prior”). Non-uniform priors—for example, because
contextual factors bias towards a question or statement inter-
pretation—would simply shift the categorization function to the left or
right, without changing its shape or slope.®

For the present purpose, we considered eight different ideal ob-
servers, fully crossing: whether the cues are utterance-normalized or not
(2 levels); whether the cues are talker-normalized or not (2 levels), and
the use of talker-specific vs. marginal, talker-independent distributions

7 We follow previous work on segmental speech perception and assume
Gaussian categories (e.g., Bejjanki et al., 2011; Clayards et al., 2008a; Feldman
et al., 2009; Kronrod et al., 2016; McMurray et al., 2009; Norris and McQueen,
2008). This is not a critical assumption (for discussion, see Kleinschmidt and
Jaeger, 2015).

8 We will revisit this assumption of uniform prior as we compare model
predictions with human judgment results in Experiment 2.
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identical to those shown for FO in Panel D; the dotted lines show the density distributions from individual talkers.

for the question and statement categories (2 levels). As talker-specific
distributions for the question and statement categories entail talker-
normalization (but not vice versa), this resulted in six unique ideal ob-
servers, shown in Fig. 6. Four models were trained on the talker-inde-
pendent distributions. Each of these models was fit to phonetic cues
normalized in one of the four ways discussed above (Fig. 4). The other
two models were trained on the talker-specific distributions of utterance-
normalized or un-normalized cues. A better performance of the talker-
specific models (indicated as white circles in Fig. 6) compared to the
talker-independent models (indicated as gray circles in Fig. 6) will
suggest that there is in principle benefit for listeners to track talker-
specific cue distributions.

2.3.1. Methods
Each of the six ideal observers represents the question and statement
categories in terms of their two-dimensional means (for FO and

duration) and two-by-two-dimensional variance-covariance matrices
(with the diagonal containing the variances along FO and duration, and
the off-diagonal containing the category’s covariance between FO and
duration).

Training an ideal observer thus requires fitting the mean and
covariance matrix. Once trained, the ideal observer can then be evalu-
ated against test data. Training and testing procedures of the ideal
observer models are summarized in Fig. 7. To avoid over-fitting, we use
five-fold cross-validation to split the productions from Experiment 1 into
training data and test data. On each fold, 80% of the data are used for
training and the remaining 20% of the data are used for test. This means
that out of 24 tokens per category per talker, 19-20 tokens (80%) are
assigned as the training data and 4-5 tokens (20%) are test data. Across
the five-folds, each production is used four times for training and once
for test (for further details, see Supplementary Information).

For each fold of each talker, the test data are held constant between
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the talker-independent and the talker-specific models. The training data
for the talker-independent models consist of the training folds from all
talkers and are therefore identical for all test talkers (see Fig. 7).
Notably, the number of training tokens in the talker-independent dis-
tribution far exceed those in a by-talker distribution. This creates a bias
in favor of the talker-independent model—and thus against our hypoth-
esis. But this also reflects the situation that human learners face: there is
always more data to estimate the talker-independent distribution than
there is to estimate talker-specific distributions.

2.3.2. Results

Fig. 8 shows the performance of each of the six ideal observer models
(implemented using R package phondisttools; Kleinschmidt, 2019). The
performance of all six ideal observer models during test was significantly

above chance (50%). This indicates that the production database is
sufficiently large to reliably estimate the relevant distributions (recall
that test data never overlapped with the training data).

We employed mixed-effect logistic regression using the glmer func-
tion from the Ime4 package in R (Ime4 1.1-21; Bates, Machler, Bolker, &
Walker, 2015; R version 3.5.0; R Core Team, 2020) to compare the
predicted accuracy across the six ideal observers (Jaeger, 2008). Spe-
cifically, we analyzed performance of the four talker-independent and
two talker-specific models as a 2 x 3 design, crossing utterance-
normalized cues (contrast-coded, yes or no) and talker-specificity
(sliding difference-coded with two orthogonal contrasts comparing no
talker-normalized cues < talker-normalized cues < talker-specific cue
distributions). The analysis further included the full random effect
structure by test talker: random by-talker intercepts and by-talker slopes
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for the two fixed factors, as well as their interaction.’
Fig. 8 shows the predicted accuracies of the six models. Analyses

9 P-values are computed from the t-distribution using degrees of freedom on
the Satterthwaites approximation as implemented in the lmerTest package
version lmerTest_3.0-1, (Kuznetsova et al., 2017).

supported three observations. First, there was no main effect of
utterance-normalized cues (ﬁ: 0.019; z = 0.66; p = .51). Second, talker-
independent models with talker-normalized cues performed signifi-
cantly better than those without (p= 0.51; z = 7.87; p < .0001):
interpreting FO and durational cue values relative to what is expected for a
given talker yields better categorizations. Third, the talker-specific
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models performed even better than the talker-independent models with
talker-normalized cues (6: 0.28; z = 2.68; p = .0007). Interactions
indicated that the difference between the two talker-independent
models was significantly larger when utterance-based normalization
was not applied (§ = —0.33; z = —5.50; p < .0001). The difference
between talker-specific models and talker-independent models with
talker-normalized cues was not affected by utterance-based normaliza-
tion (p = —0.07; z = —1.09; p = .28).

A question of importance was whether the advantage of talker-
specific models indeed originated from the talker-specificity in the
prosodic cue distributions rather than from other differences in ways
that these models were trained and tested. To answer this question, our
follow-up analyses examined two possible sources of discrepancies
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between the talker-independent versus talker-specific models (for de-
tails, see Appendix III). First, as shown in Fig. 7, a talker-specific model
consisted of 65 models, each trained on a given talker’s cue distribu-
tions. To eliminate the possibility that this internal complexity itself was
sufficient to yield a better performance, we trained a new set of talker-
independent models by randomly sub-sampling so the number of
training tokens would match that in a talker-specific model. That is, we
constructed 65 talker-independent models, each trained on an arbitrary
grouping of training tokens from various talkers. Not surprisingly, these
models performed significantly worse than talker-specific models (see
Fig. A1 Panel A in Appendix II), suggesting that the higher predicted
accuracy of the talker-specific models (Fig. 8) was not attributable to the
number (and complexity) of the models considered.
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Fig. 9. Panel A: Visualization of talker-specific ideal observers (using raw, un-normalized cues) for the same six talkers presented in Fig. 3. Ellipses show 95% of the
probability mass of the bivariate Gaussian categories. Panel B: Categorization functions for each of the six talker-specific ideal observers. Y-axis indicates the posterior

probability of a question interpretation.
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Second, we examined whether the benefit associated with a talker-
specific model could be seen if training and test tokens came from
different talkers. To this end, we tested the same talker-specific models
as described above on data randomly sampled across talkers. Concep-
tually, these models simulate a situation where listeners encode prosodic
cue distributions separately for each talker but indiscriminately apply
this information upon hearing tokens from unfamiliar talkers. Again,
these models yielded substantially poorer performances relative to cases
where they were tested on tokens from the matching (i.e., training)
talkers (Fig. A1, Panel B in Appendix II). Taken together, these results
lend additional support to our conclusion that the higher predicted ac-
curacies of the talker-specific models, compared to the talker-
independent ones, stem specifically from the underlying cross-talker
differences in prosodic cue distributions.

Additionally, the better performance of the talker-specific models (i.
e., the white bars in each panel of Fig. 8) over the talker-independent
models with talker-normalized cues (i.e., the middle gray bar in each
panel of Fig. 8) suggests that talkers differed in their distributional
statistics of the two prosodic categories—beyond differences in the
overall mean of the cues (which talker-normalization removes). This is
supported by visual inspections of Panel A of Fig. 9, which shows the
talker-specific models for the same six individual talkers as in Fig. 3. The
six panels show the bivariate Gaussian distributions of the talker-specific
models, projected back into the original (un-normalized) cue space. As
we already saw above, these six talkers differ in their category means,
variances (which are positively related to the length of the ellipses along
the x- and y-axes) and co-variances (the orientation of the ellipsis).
These differences result in different predicted categorization functions
across the six talkers (Fig. 9, Panel B). Deriving talker-specific catego-
rization functions, compared to applying the same function to all talks,
will thus in principle facilitate recognition of prosodic categories in face
of substantial cross-talker variability.

2.4. Summary and discussion

To answer questions (1) and (2), Experiment 1 presented a large-
scale, phonetically annotated database of declarative question and
statement productions. These data are shared via OSF (https://osf.
io/kr7y6/). With 65 talkers and 24 minimal pair productions per
talker (for a total of 2974 productions), it is possible to reliably estimate
the means and covariance matrices of question and statement cate-
gories, not only across talkers (for which there is more data) but also at a
talker-specific level.

If only considering marginal cue distributions, there was significant
overlap between the question and statement categories along utterance-
final FO and duration. This overlap was primarily caused by variability
between talkers, rather than variability within talkers. Ideal observer
analyses confirmed this: among the models considered here, those with
an increased amount of talker information resulted in higher predicted
accuracies. Utterance normalization improved categorization accuracy
only when by-talker means or talker-specific distributions were not
considered (see Fig. 8). This parallels findings from segmental speech
perception that listeners seem to compute cues relative to expectations
for a given talker (e.g., C-CuRE model for fricatives, McMurray and
Jongman, 2011).

Our results suggested further that listeners can in theory do better
than just normalizing cues relative to the talker’s overall mean. Unlike
the C-CuRE model, the talker-specific model considered not only the
talker’s overall mean, but also the category-specific means and co-
variances, and achieves the highest categorization accuracy. These
talker-specific models showed higher accuracies than the other models
in categorizing unseen data.

It is possible that considering other cues (e.g., alignment of a pitch
peak, Cangemi and Grice, 2016), measurements and transformations (e.
g., using log-transformed FO) and/or more sophisticated utterance-
based normalization would lead to different results. In fact, previous
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studies suggest that pitch movements in an area distant from the ut-
terance final tone (e.g., a pre-nuclear region) impact categorizations of
questions vs. statements (Chodroff and Cole, 2019a; Petrone and
D’Imperio, 2011; Studdert-Kennedy et al., 1973). This type of effect of
an earlier part of an utterance was only approximated in the current
utterance-based normalization. Future tests of alternative normalization
methods are facilitated by open access to our data.

At the very least, our results show that storing past experiences with
individual talkers is one way to substantially improve comprehension
accuracy. Based on the predicted benefit of storing talker-specific cue
distributions, we now ask whether human listeners can indeed draw on
their knowledge of talker-specific cue distributions in their recognition
of prosodic categories.

3. Experiment 2: Adapting to talker-specific prosody in
comprehension

Experiment 2 addresses question (3) outlined in the introduction:
Can listeners learn to adapt their implicit expectations about the distribu-
tional statistics? The paradigm we employ resembles perceptual recali-
bration experiments on segmental speech perception (e.g., Kraljic and
Samuel, 2005; Norris et al., 2003). The design is shown in Fig. 10.
Participants are exposed to declarative question and statement pro-
ductions—similar to those from Experiment 1—from an unfamiliar
talker. Like in perceptual recalibration experiments, the exposure input
is effectively labeled so that the intended interpretation (question or
statement) is clear to participants. Both before and after exposure, we
assess participants’ categorization function for unlabeled input from the
same talker. Between participants, we manipulate the prosodic realiza-
tion of questions and statements during exposure. By comparing lis-
teners’ categorization function on the same input before and after
exposure, we can assess whether input from an unfamiliar talker
changes how listeners interpret input from that talker.

We conduct two versions of this experiment—one with a female
talker and one with a male talker. This serves two purposes. It provides
an internal replication of the effect of exposure, testing the robustness of
any effects we find. It also allows us to ask if listeners’ initial processing
of prosodic input from an unfamiliar talker draws on their previous
experience with talkers of a given gender. We use the data from
Experiment 1 to construct two gender-specific ideal observer models (one
female and one male) that we compare against the talker-independent
models developed in Experiment 1. Under the hypothesis that listeners
learn and store talker- and group-specific prosodic realizations, we ex-
pected the gender-specific models to better predict participants’ pre-test
responses than talker-independent models do.

3.1. Participants

360 participants were recruited through an online crowdsourcing
platform Amazon Mechanical Turk (https://www.mturk.com/). The
data for the two talker conditions was collected in two separate sessions,
with data for the female talker condition elicited first. No participant
took part in both conditions. Two participants in the female talker
condition and six in the male talker condition were excluded for
providing either only questions or only statement responses throughout
pre- and post-test. This left 352 participants for analysis. Participants
were self-identified native speakers of American English and received
monetary compensation for their participation.

3.2. Materials

Due to privacy considerations, the experimental protocol used for
Experiment 1 did not allow us to distribute the recorded tokens as
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Fig. 10. Design of Experiment 2. Pre- and post-test: Participants provide categorization judgments on tokens sampled uniformly along a 11-step continuum ranging
from clear statement tokens to clear question tokens (in a randomized order). Exposure: Participants are assigned to one of the three exposure conditions that differ in
how questions and statements are realized. Exposure always includes feedback about the intended interpretation of each token.

stimuli for an internet-based survey.'® We thus obtained new recordings
from a female and a male native speaker of American English. This has
the additional, critical, advantage that we can obtain multiple re-
cordings of each stimulus sentence, mitigating data loss due to pitch
track errors (e.g., pitch doubling and halving), thereby facilitating the
reliable estimation of FO and syllable durations.

Each talker produced two tokens each of six pairs of question and
statement sentences (i.e., It’s {cooking, booting, cooling, losing, moving,
muting}). Fig. 11A shows these items against the un-normalized mar-
ginal distributions from Experiment 1. Just as in other talkers examined
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Fig. 11. Phonetic cue distributions of the two talkers recorded for Experiment
2. Panel A: The two talkers’ distributions of the question and the statement
categories against the un-normalized marginal distributions from Experiment 1.
Panels B and C: Utterance- and talker-normalized talker-specific distributions
against gender-matched talkers from Experiment 1. Filled ellipses show bivar-
iate Gaussian 95% CI of all tokens of the 65 talkers in Experiment 1; solid el-
lipses show those of the female and male talkers in Experiment 2, respectively.
Squares and large circles indicate the category means of the marginal distri-
butions and talker-specific distributions, respectively. Smaller dots indicate
individual tokens of each sentence type by each talker.

10 production data (audio files) can be shared upon request.
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in Experiment 1, the two talkers’ question vs. statement categories were
relatively consistent internally and clearly separated within each talker.
Of note is that the two talkers differed substantially from each other in
their realization of questions and statements: the statement category
produced by the female talker roughly occupied a similar phonetic re-
gion as the question category by the male talker. The input from these
two talkers would thus result in systematic ambiguity if no normalization
or talker-specificity processing was applied.

Figs. 11B and C show the two talkers’ productions against the dis-
tributions of gender-matched talkers from Experiment 1. Phonetic cues
are both utterance- and talker-normalized to compensate for baseline
differences among each group. The proximity of the talker-specific
category means (i.e., the orange and the blue circles) to the marginal
category means (i.e., the orange and the blue squares) indicate that their
production patterns can be deemed typical given the general patterns
observed in each gender group. If listeners can draw on their implicit
knowledge of how female and male talkers produce questions vs.
statements (and if listeners can normalize phonetic cues), they should be
able to reliably categorize the tokens from these talkers prior to exten-
sive exposure.

Acoustic resynthesis of exposure and test stimuli followed the tech-
nique described in Kurumada et al. (2017). The recordings (two tokens
per item) were first segmented into three regions corresponding to three
syllables (i.e., It’s | X- | ing) as in Experiment 1. To achieve best results in
resynthesis, we paid attention to both a turning point in the FO contour
within the “X-ing” portion as well as the segmental information to
delineate the last two syllables. The FO of each region was sampled at 20
equi-spaced time points, and measures from each time point were
aggregated across items to derive mean FO contours for statement and
question contours, following Isaacs and Watson (2010). Similarly, the
durations of each region were averaged across items by contour type.
Mean FO contours and durations were then derived by interpolating
between values within each region and manipulating FO and duration of
each recording to match the interpolated values using the pitch-
synchronous overlap-and-add algorithm implemented in Praat
(Boersma and Weenink, 2012; Moulines and Charpentier, 1990).

The five types of items with the /u/ vowel (i.e., booting, cooling,
losing, moving, muting) were selected as exposure items. 12 step continua
for these items were created based on FO and durational values taken
from recordings of It’s moving to ensure that the 12 steps of all of the
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exposure items had consistent FO and durational values.'' Cooking (with
the /u/ vowel) was selected as the test item. Continua were constructed
based on recordings of It’s cooking (Fig. 12). Consequently, the exact
acoustic values for the exposure and the test items were distinct from
each other, which allowed us to test if listeners’ learned expectations
about cue-category mapping can generalize beyond memory traces of
previously heard (exposure) tokens.

As shown in Fig. 12, FO serves as the primary cue to questions vs.
statements for both the female and male talker.'? Of interest, however, is
the role of duration: while questions and statements differed along the
duration cue for the female talker, this pattern was much less pro-
nounced for the male talker. The pattern reflects the distributions in
original productions of the two talkers (Fig. 11B and C).

We then normed the stimuli with 90 participants using Amazon
Mechanical Turk. Each participant heard 24 tokens sampled uniformly
from the continuum and provided 2AFC judgments (i.e., Is this a state-
ment or a question?) without feedback. This norming study is reported
in Appendix III. Since responses to Step O and Step 1 received nearly
identical responses, Experiment 2 only uses Steps 1-11. Steps 6 and 7

Female Male
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200 6
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100 100 : 1
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Fig. 12. Intonational contours for the test item “It’s cooking™ at Steps 0-11 for
both the female and the male talker. Similar continua were created for each of
the exposure items. The bottom and top lines at the right edge of the continua
are Step 0 (statement) and Step 11 (question), respectively. Since Steps 0 and 1
resulted in identical responses during norming, Experiment 2 employs only
Steps 1-11.

11 “It’s moving” was chosen as a base item because of the continuing resonant

sound of the sonorant (/m/) and the voiced fricative (/v/) made it easier to
extract FO values with generally fewer track losses compared to other items.
Equating the vowel across the training items (i.e., the tense /u/ vowel) was
necessary for creating natural sounding stimuli, where we superimposed the
prosodic contour while preserving segmental information.

12 The female talkers’ production of Step 0 exhibits a slight rise at the end,
which may be perceived as a so-called rise-fall-rise contour (as notated as L*+ H
L-H% in Pierrehumbert and Steele, 1987). The same type of rise was not present
in the male talker’s production of Step 0. A rise-fall-rise contour has tradi-
tionally been associated with meanings such as incredulity (when associated
with a wide pitch range) or uncertainty (when associated with a narrow pitch
range) (Hirschberg and Ward, 1992). Depending on a context, it can convey a
contrast between the uttered content and a contextually assumed content
(Constant, 2012; de Marneffe and Tonhauser, 2019; Kurumada et al., 2014). It
can also be a signature of a socio-indexical feature or speech style as known as
uptalk (Warren, 2016). As can be seen in Figure 14, the stimuli tokens from
Steps 1 and 2 in the female talker conditions reliably elicited a “statement”
response and were clearly distinguished from the base token for the question
category (i.e., Step 11). We therefore determined that the slight terminal rise in
the female talkers’ productions was part of the talker-specific realizations of the
question vs, statement categories, which listeners must navigate as they cate-
gorize different stimuli tokens. However, it can safely be considered as
orthogonal to the main effect of adaptation we investigate here.
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were the most ambiguous for the female and the male talker, respec-
tively (receiving a “question” response 46.7% and 55.3% of the time,
respectively).

3.3. Procedure

Participants were assigned to one of the six between-participant
conditions (female vs. male talkers x the three exposure conditions,
see Fig. 10). In the pre-test, all participants heard 22 tokens of It’s
cooking sampled uniformly along the 11-step continuum (in a random-
ized order). They were asked to categorize them as a question or a
statement by clicking either the “statement” or the “question” button (i.
e., 2AFC). No feedback was provided.

During exposure, participants were assigned to one of the three
conditions: no bias, statement-biasing, or question-biasing exposure (see
Fig. 13). Exposure always consisted of 30 tokens (i.e., It’s {booting,
cooling, losing, moving, muting}, six tokens of each). The task was the
same as during the pre-test, except that participants received feedback
after each categorization response (“You were {correct/wrong}. It was a
{statement/question}.”, accompanied by two different types of ring
tones). As such, the current task deviated from representative perceptual
learning experiments in two aspects. First, the feedback was explicit
rather than implicit.'® Second, the feedback labeled the acoustic input
with some delay, after participants listened to a stimulus and selected a
response. This mode of feedback was chosen to provide clear category
information for the prosodic input supporting the abstract meanings (i.
e., a question vs. a statement). We anticipated that a possible effect of
these changes, if any, would bias against the outcomes predicted by the
hypothesis we investigate: delayed label information can impede
learning of distributional statistics because ideal adaptation requires
listeners to maintain information about the perceptual input (Burchill
et al., 2018).

In the no bias condition, 15 exposure tokens with statement feedback
were sampled from Step 1, and another 15 with question feedback from
Step 11 (Fig. 13, middle panel). The statement- and the question-biasing
conditions differed from each other in the feedback associated with the
tokens that had been normed to be most ambiguous (i.e., Step 6 for the
female talker, Step 7 for the male talker). In the question-biasing con-
dition, participants heard 15 of the ambiguous tokens with question
feedback, and another 15 from Step 1 with statement feedback. Finally,
in the statement-biasing condition, participants heard 15 of the ambig-
uous items with statement feedback, and another 15 from Step 11 with
question feedback.

During the post-test, participants provided responses to the same 22
tokens of It’s cooking from the pre-test with no feedback. The bottom
panels of Fig. 13 present predicted patterns of shifts in the categorization
functions, which will evidence talker-specific adaptation of cue-category
mappings. Eliciting responses to productions from the three variants of
each talker, rather than using distinct talkers for the distinct exposure
conditions, we rule out the possibility that post-test differences are
driven solely by the talker’s inferred gender, age, or other idiosyncratic
(acoustic) properties; They can be attributable to the input experienced
during the exposure phase.

13 The most common perceptual recalibration paradigms for segmental speech
perception have typically used lexical (Kraljic and Samuel, 2005; Norris et al.,
2003) or visual labeling (Vroomen et al., 2007) that is delivered concurrently
with the acoustic input. For instance, in Norris et al., (2003), a sound that was
meant to be midway between /f/ and /s/ was included in a lexical carrier such
as “witlo?”. This context disambiguated the ambiguous sound as an /f/ for a
Dutch listener because “witlof” is a word while “witlos” is not. Currently, to our
knowledge, it remains an open question if the mode of feedback (e.g., implicit
vs. explicit) and its timing would significantly affect the speed and amount of
perceptual adaptation to phoneme or prosodic variability. We acknowledge that
this needs to be further examined in future studies.
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Fig. 13. The three exposure conditions of Experiment 2. Top: Placement of the 30 exposure tokens (circles) along the prosodic continuum from statement to
question, depending on the exposure condition. Bottom: Qualitative predictions of the direction of shifts in the categorization functions.

3.4. Analysis approach and results

We analyze the data in two steps. First, we focus exclusively on pre-
test responses. We fit ideal observer models trained on the production
data from Experiment 1 to explore what implicit knowledge listeners
may be applying during the initial encounter with an unfamiliar talker,
prior to labeled exposure from that talker. Second, we compare pre-test
and post-test responses. For both the female and the male talker, we test
whether listeners’ categorization functions shifted in the predicted di-
rections across the three exposure conditions (shown in Fig. 13).

3.4.1. What information do participants draw on during pre-test?

Before we introduce the ideal observer analyses, we summarize
participants’ pre-test responses. Fig. 14A shows participants’ pre-test
responses for each talker, collapsing over the three exposure condi-
tions (i.e., each line is based on approximately 180 participants).
Replicating the norming study (see Appendix III), listeners’ judgments
shifted gradually from a statement to a question along the 11 step
continua. The category boundary—the point along the continua that is
ambiguous between a statement vs. a question—differed somewhat
between the two talkers.

Although the similarity between the categorization functions for the
female and male talker is expected given the norming, how such simi-
larity can be achieved is worth exploring. Recall that the acoustic re-
alizations of the 11 steps differ substantially between the two talkers
(Fig. 11 and Fig. 12). That is, the items that listeners perceived to be
similarly ambiguous (e.g., Steps 6 and 7) or unambiguous (e.g., Steps 1
and 11) for the female and the male talker occupied different areas in the
un-normalized acoustic space (Fig. 14B). Pre-test categorization of the
male talker’s productions had to, and did, depend almost exclusively on
FO, with a very narrow range along this cue dimension (the black line in
Fig. 14B). This contrasts with the female talker’s productions, for which
listeners could rely on both cues; the tokens span widely along the
dimension of duration as well as that of FO. Even prior to further anal-
ysis, this suggests that listeners must be mapping the categories onto
phonetic cues in a manner malleable to such cross-talker variability.

To what extent do normalizations of cues get the listeners to achieve
this perceptual constancy between the two talkers? To examine this, we
compared how well different ideal observer models predict participants’
responses during pre-test. As in Experiment 1, we contrast the pre-
dictions of talker-independent and talker-specific models, both under
different assumptions about cue normalization. The talker-independent
models are exactly the same as explained in Experiment 1, based on the
marginal distributions across the 65 talkers. To test predictions of the
talker-specific models, one additional step is necessary: since we are

14

assessing listeners’ recognition judgments prior to an exposure to a given
talker’s productions, no talker-specific model is yet available. The best
they can do is to draw on models of talkers that are similar, and hence
relevant, to the current talker, for instance, previously encountered
talkers of the same gender.'”

Here, we merely assume that listeners can recognize acoustic prop-
erties of speech correlated with gender (for a review, see Foulkes and
Hay, 2015) and draw on predictions of talker-specific models aggregated
over multiple talkers within each gender group. We thus constructed
gender-specific models for female and male talkers by averaging means,
variances and covariances of female and male talkers from Experiment
1, respectively. This approximates a “prototypical” female or male talker
that listeners may have in mind based on their past experiences. If the
gender-specific models predict human categorization better than the
talker-independent models, it would suggest that listeners learn and
store talker-specific, or at least gender-specific, cue distributions.

The models’ recognition judgments are derived on the eleven test
tokens from the female and male talker (Fig. 15). Note that the talker-
independent models, as implemented here, have relatively wide distri-
butions encompassing distributions of all talkers in the corpus (Fig. 15A,
the identical model was used for the female and male talkers’ test to-
kens). The gender-specific models, in contrast, have generally narrower
distributions because each of them represents an average of taker-
specific models of a given gender (Fig. 15B). This is particularly
evident in the male talker model, predicting a sharper categorization
curve along the dimension of FO as compared to the other models. These
differences have important consequences in their fit to the human data,
which we detail below.

Fig. 16 shows the correlation between the models’ predicted poste-
rior probabilities for the question category (x-axis) and listeners’ cate-
gorization responses during pre-test (y-axis). All ideal observer models
exhibit positive correlations with listeners’ categorizations. In partic-
ular, models with talker-normalized cues, as opposed to un-normalized
or utterance-normalized cues, fit human judgments well (R? > 0.9).
Considered in conjunction with the results of Experiment 1, talker-
normalized cues were expected to facilitate accurate categorization,
and listeners do indeed seem to draw on talker-normalized, rather than
un-normalized, cues. Further, the gender-specific models (Fig. 16, bot-
tom row) consistently outperform the talker-independent models
regardless of normalization. The gender-specific model over talker-

14 What exactly constitutes “similar” is a question beyond the scope of the
present work (for relevant discussion, see Johnson, 2006; Witteman et al.,
2013; Xie and Myers, 2017).
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Fig. 14. Panel A: pre-test responses for the female and male talkers as a function of continuum steps. Panel B: Same pre-test responses plotted in (un-normalized) FO-

Duration acoustic space.
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Fig. 15. Panel A: modeling results from the talker-independent model (identical for the female and male talkers); Panel B: modeling results from the gender-specific
models. In each panel, estimated cue density functions (top) and predicted categorization (bottom). Utterance- and talker-normalized talker-specific distributions

are used.

normalized cues (Fig. 16, bottom right panel) achieves the highest
correlation with listeners’ actual categorization responses (R? = 0.95).
This goodness-of-fit is remarkable given that the ideal observers have
0 degrees of freedom—they are based on data from different talkers from
Experiment 1 and yet predict how listeners interpret the input from the
two unfamiliar talkers in Experiment 2.

What is also notable in Fig. 16 is that the ideal observers are not good
linear predictors of listeners’ responses. There are at least two reasons
why this non-linearity is expected, both originating in simplifying as-
sumptions of the ideal observers we have used so far. First, the ideal
observers we use here make the simplifying assumption of uniform prior
probabilities of questions and statements (see Experiment 1). This
assumption is clearly wrong: statements are in general observed more
frequently than questions (Boakye et al., 2009), and this asymmetry is
likely even more pronounced for utterances with declarative syntax, as
used in all stimuli for Experiment 2. Since listeners’ responses are ex-
pected to be sensitive to this information, we would expect listeners’
categorization function to be shifted towards the question category
(rightward along the 11-step continuum) relative to the ideal observer.

15 This shift would be identical across all ideal observers and would not affect
the slope of the categorization function. It thus cannot explain the correlation
results.

15

Second, unlike ideal observers, human listeners exhibit attentional
lapses. On trials with such lapses, listeners do not have access to the
acoustic input and thus can only rely on their belief about the prior
probability of questions vs. statements or outright guess. The existence
of lapses means that listeners’ categorization functions do not converge
on 0 or 1. This pattern is clearly visible in Fig. 14: on the left end of the
continuum, listeners converged on 5.2% question responses; on the right
end of the continuum they converged on 88.2% question responses. This
suggests a lapse rate of 17.0% and a response bias on those lapse trials of
31% towards question responses.

By integrating these estimates, we can better evaluate ideal ob-
servers’ predictions against human judgments. The updated predictions
for the talker-independent and the gender-specific models are shown in
Fig. 17, plotted against human responses. Specifically, we zoom in on
the predictions for both un-normalized cues and utterance- and talker-
normalized cues, as the best and the worst models of human judgments.

Considering these patterns in combination with the correlation re-
sults (Fig. 16), we can make two observations. First, models with
normalized cues (Fig. 17; right column) better capture the pattern that
listeners provided more question responses for the male talker than for
the female talker. The talker-independent model with un-normalized
cues (Fig. 17; top left panel) erroneously categorized most tokens from
the male talker as statements due to their low FO values. This was
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Fig. 17. Categorization functions predicted by ideal observers (lines) and
actual categorization by listeners (pointranges). Top: talker independent
models (un-normalized or both utterance- and talker-normalized). Bottom:
gender-specific  models (un-normalized or both utterance- and
talker-normalized).

alleviated in the gender-specific model (Fig. 17, bottom left panel) due
to the knowledge of the distinct baselines for the phonetic cues between
males and females. Nonetheless, this model still fails to predict the
relative ordering of the category boundaries between the male and the
female conditions.

Second, the gender-specific models (Fig. 17, bottom row) better fit
the steepness of the human categorization functions than the talker-
specific models (Fig. 17, top row). One major reason for this is that, as
mentioned above, the gender-specific models have smaller estimates of
category variances than the talker-independent models (recall Fig. 15).
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The “narrower” variance estimates generally mean a relatively small
amount of overlap between the underlying categories, which predicts a
steeper categorization function (for related discussion, see Clayards
et al., 2008; Theodore and Monto, 2019). The good fit of the gender-
specific models to the human data may suggest that human listeners
have the knowledge of gender-specific category variances as well as
category means.'®

In summary, the analyses of the pre-test responses supported our key
predictions derived in Experiment 1. That is, human listeners process the
prosodic input relative to a given talker’s baseline, which helps them
overcome the variability in raw cue spaces (e.g., between a male and a
female talker). This resonates with results from segmental speech
perception that phonetic cues are interpreted relative to talker-
normalized expectations (McMurray and Jongman, 2011). Going
beyond normalization, the present results further suggest that listeners
begin processing the input by drawing on their knowledge of phonetic
cue distributions experienced with talkers similar to the current (unfa-
miliar) talker.

3.4.2. How do listeners’ categorizations change from pre- to post-test?
Next, we analyze changes in listeners’ categorization function from
pre- to post-test. If listeners learn talker-specific distributional statistics
of prosodic categories, their post-test categorization boundaries should
change to include more question responses after question-biasing
exposure, and fewer question responses after statement-biasing expo-
sure. Post-test categorization functions for the no bias condition should
fall between the categorization boundaries of the statement and
question-biasing conditions. To ensure that listeners in the question-
biasing and the statement-biasing condition did indeed learn to cate-
gorize ambiguous items according to the feedback given during the

16 There are other potential differences between the model predictions and
human categorization: e.g., listeners likely employ more cues than the two cues
considered here; and the model’s assumption of Gaussian categories might be
wrong (cf. exemplar or episodic approaches, which avoid this assumption,
(Foulkes and Hay, 2015; Goldinger, 1996; Hawkins, 2003; Johnson, 2005;
Pierrehumbert, 2001).



X. Xie et al.

exposure phase, we have analyzed their responses to the 30 exposure
tokens (Appendix IV). Participants seem to have latched onto the asso-
ciation between the prosodic pattern in the ambiguous tokens and their
intended category affiliations from the very outset of the exposure
phase. The learning seems to have continued over multiple instances of
the ambiguous input, and participants generally reached a stable pattern
of categorization judgments by the time they completed about 50% of
the exposure trials.

Responses in the pre- and post-exposure tests are plotted in Fig. 18.
As predicted, question-biasing exposure shifted the boundary between
questions and statements leftwards from pre- to post-test, expanding the
question category and leading to more question responses. Statement-
biasing exposure did the opposite. Little to no difference between pre-
and post-test was observed for no bias exposure. These differences be-
tween the exposure conditions were significant, as confirmed by mixed-
effects logistics regression (see Table 1). The analysis included exposure
condition (sliding difference-coded with two orthogonal contrasts
comparing statement-biasing < no bias < question-biasing), talker
(sum-coded, female = 1 vs. male = —1), continuum (steps 1-11, mean-
centered, coded as a continuous variable), test block (pre vs post-test,
sum-coded), and the full factorial interactions between exposure con-
dition, talker, and test block as fixed effects. The analysis included the
maximum random effect structure justified by the data (by-participant
intercepts and slopes for Block and Continuum as well as their
interaction).

We found main effects of talker (ﬁ: —0.54, p <.0001), test block
(/§: 0.013, p = .023), exposure condition (question-biasing vs. no bias,

B=0.58, p =.004) and continuum (f= 1.55, p <.0001). The main effect
of talker as well as the two-way interaction between test block and talker

(B= —0.18, p <.001) suggest that there was an overall bias for the lis-
teners to provide a question response to the male talker’s productions as
opposed to the female talker’s productions, especially after the expo-
sure. This replicates the pattern we saw in our analysis of the pre-test
data and what we showed to be predicted by ideal observers.

Critically, the predicted interaction term between test block and
exposure condition was significant (no bias vs. statement-biasing: =
0.41, p =.0002; question-biasing vs. no bias: /§: 0.66, p <.0001): par-
ticipants provided distinct categorization judgments reflecting the
distributional patterns of the input and feedback given in the exposure
phase. The absence of the higher order interactions including talker
indicates that the amount of adaptation induced by the exposure input
did not differ significantly across the two talker conditions.

One possible confound may be that participants across the three
exposure conditions could be differentially biased to provide a question
response.'’ Because participants were randomly assigned to the three
conditions after they had provided their pre-test responses, no such
difference was a priori expected. However, it is possible that participants
in one condition happened to be more likely than others to provide a
question (vs. a statement) response to ambiguous tokens. If there had
been such a baseline difference, simple regression towards the mean in
their patterns of responses would have resulted in the shifts of the
categorization functions. A simple effect analysis, however, supported
neither a significant difference between the exposure conditions in the
pre-test block, nor an interaction between exposure conditions and
talkers in the pre-test block. Therefore, we concluded that the partici-
pants’ pre-test responses did not differ significantly across the three
exposure conditions prior to the exposure.

17 This post-hoc analysis was conducted in response to an anonymous re-
viewers’ observation that the pre-test responses in Figure 18 seem to suggest
some a priori biases distinct across the exposure conditions.
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3.5. Discussion

Despite the notable differences in the un-normalized cue distribu-
tions across the two exposure talkers, listeners effectively adapted to
each talker’s baseline. Adopting gender-specific distributional knowl-
edge improved correlations between the model predictions and human
categorization responses even for normalized cues (from R?= 0.9 to R?=
0.95). This might seem like a small benefit, especially since the talker-
normalized, talker-independent model already achieves a reasonable
correlation. However, evaluating the model predictions along the 11
step continua (Fig. 17), we found that the gender-specific models better
capture the qualitive, in addition to the quantitative, patterns of the
human categorization judgments.

We also found that labeled exposure to just 30 question and state-
ment tokens was sufficient to shift listeners’ categorization boundaries
for subsequent input from the previously unfamiliar talker. In particular,
between the pre- and post-tests, the recognition judgments almost
completely reversed for tokens that were originally close to category
boundary (similar to perceptual recalibration in segmental speech
perception, e.g., Kraljic & Samuel, 2006; Norris et al., 2003). For
instance, in the post-test, Step 7 in the female talker condition elicited
the question response over 70% of the time in the question-biasing
condition but only 28% of the time in the statement-biasing condition.
These fast and robust shifts lend support to the feasibility of our central
proposal: learning of talker-specific distributions allows listeners to
navigate between-talker variability.

4. General discussion

The mapping between phonetic cues and prosodic categories is often
variable and fluid across talkers (Arvaniti, 2019; Arvaniti and Garding,
2007; Cangemi et al., 2015; Cangemi and Grice, 2016; Clopper and
Smiljanic, 2011). A major question that these observations raise is how
listeners arrive at the mapping intended for a given token of input. Due to
the variability, acoustic-phonetic properties of the input themselves can
get them only halfway. We hypothesized that listeners may draw on
their implicit knowledge of structure of the variability. In particular, the
series of experiments presented here focused on how acoustic cue dis-
tributions vary across talkers and whether listeners can benefit from
learning these talker-specific distributions.

We began the exploration with collecting large-scale production
data. Adopting principles of ideal observer analyses (Kleinschmidt,
2019; Kleinschmidt and Jaeger, 2015), we quantified the amount of
information listeners can gain from learning talker-specific distributions
of phonetic cues over the question vs. statement categories. Put simply,
if everybody’s production is equivocal after normalizing their baseline
differences, no additional information could be learned. Data revealed
that talkers vary substantially in category means and variances in
addition to their baselines (e.g., cue means), which suggests that talker-
variability in prosody carries additional information for accurate cate-
gory recognition. The feasibility of such learning was demonstrated in a
comprehension experiment, where listeners adapted their categoriza-
tion boundaries in response to patterns in the exposure input.

4.1. Does talker-specific information always help?

The results of the experiments present a proof of concept that
learning talker-specific distributional statistics affords listeners the
means to navigate variability in prosodic productions. At first glance,
this may seem a foregone conclusion. Provided sufficient (representa-
tive) training data, any additional knowledge specific to a given talker’s
speech may be expected to improve categorization accuracy. This,
however, is not necessarily the case.

Numerically, the talker-specific models reported in 2.3.2 had higher
or equal accuracy than the talker-independent models for all 65 talkers.
However, the degree to which a talker-specific model outperformed a
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Table 1

Summary of mixed-effects logistic regression with test block (pre- vs post-test,
sum coded with post-test as 1 and pre-test as —1), exposure condition (sliding
difference-coded comparing no bias vs. statement-biasing and question-biasing
vs. no bias), their interactions, and continuum (centered) as fixed effects. Sig-
nificant effects (p < .05) are bolded.

Estimate 5 S.E.(f) P value

Intercept —0.933 0.088 <0.0001
Talker (Female vs Male) —0.543 0.082 < 0.0001
Block (Post vs Pre) 0.134 0.059 0.023
No bias (vs. Statement-biasing) 0.268 0.200 0.181
Question-biasing (vs. No bias) 0.575 0.201 0.004
Continuum 1.545 0.061 < 0.0001
Talker * Block —0.176 0.053 < 0.001
Talker * No bias (vs. Statement-biasing) 0.054 0.200 0.785
Talker * Question-biasing (vs. No bias) —0.342 0.201 0.088
Block * No bias (vs. Statement-biasing) 0.408 0.132 0.002
Block * Question-biasing (vs. No bias) 0.656 0.133 < 0.0001
Talker * Block * No bias (vs. Statement- 0.129 0.131 0.325

biasing)
Talker * Block * Question-biasing (vs. No —-0.143 0.131 0.276

bias)

talker-independent model differed across talkers. Considering the cases
where talker-specific information did not majorly improve categoriza-
tion provides important insight into the current discussion. Here we
discuss three representative cases.

First, talker-specific models did not outperform talker-independent
models when a given talker’s category means were similar to the mar-
ginal means after appropriate normalization is applied. In these cases,
model predictions based on the marginal distributions were close
enough to distinguish the categories in a given talker. In contrast, talker-
specific models fit the data better than marginal models when means of
talker-specific distributions were either farther away from each other or
closer together than what would be expected from marginal distribu-
tions. For instance, the categories produced by talkers like Talker (a) and
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(b) in Fig. 3 were closer to each other compared to those by (c) and (d)
(see also bivariate Gaussian distributions of the corresponding talker-
specific models in Fig. 9). Without the talker-specific knowledge,
many of the tokens produced by Talkers (a) and (b) would not be reliably
distinguished as a question or a statement.

Second, talker-specific models did not significantly deviate from
marginal models when the structure of the underlying categories was
more or less symmetrical (e.g., Talker (d) in Fig. 3 and Fig. 9). Put
differently, talker-specific models performed better than their corre-
sponding talker-independent models when the categories had distinct
variances, especially along the dimension of FO. This was in part due to
the nature of the question vs. statement categories, where the contrast
was encoded primarily through the utterance final rise vs. fall of FO.
When the two categories were similar in variance along FO, the category
boundary could be extrapolated straightforwardly from the talker’s
mean FO. In this scenario, a talker-specific model and a talker-
independent model with talker-normalized cues would be largely
indistinguishable.

Finally, even when productions do not exhibit either of the afore-
mentioned properties, benefits of talker-specific models were limited
when either (or both) category had a large variance. These are talkers (e.
g., Talker (f) in Fig. 3) whose productions are internally less consistent
and variable compared to others in terms of how the two categories are
encoded via FO and/or duration. In these cases, even with talker-specific
distributional knowledge, accuracies of categorization are bound to be
limited.

The finding that talker-specific models overall outperformed talker-
independent models was therefore informative about the data, not a
necessary consequence of how the models were trained. It follows that,
empirically, the distributional structures of the prosodic categories
examined here varied across talkers in a manner such that learning of
these structures was possible and overall beneficial for listeners. This
validation was important for many reasons. Chief among them was to
motivate the investigation of talker-specific learning of FO and duration
as a solution to the lack of invariance between questions and statements.
Past research on talker-specific perception/comprehension of prosody
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presupposed cross-talker variability and endorsed learning as a solution
(Kurumada et al., 2017; Nakamura et al., 2019; Roettger and Franke,
2019; Roettger and Rimland, 2020). The current study is the first to
empirically show that a structure of talker-variability over the two
prosodic categories is in fact worth learning.

The current ideal observer approach thus extends existing ap-
proaches to experience-based prosodic comprehension (Cangemi et al.,
2015; Hawkins, 2003; J. B. Pierrehumbert, 2003; Saindon et al., 2017;
Schweitzer, 2012; Smith and Hawkins, 2012). Beyond showing that
learning talker-specificity generally benefits recognition, the current
approach can quantitatively predict the amount of benefit. Further, the
same logic can be used to estimate talker-level effects. For example, we
can identify individual talkers for whom talker-specific learning likely
leads to larger or smaller benefits. Evaluating these predictions against
human judgments at the level of individual talkers, however, requires
considerations of a wide range of variables currently unknown (e.g.,
cues other than FO or duration that impact perception and interpreta-
tion, listeners’ cue weighting strategies), and hence awaits future
research.

4.2. Evidence of distributional learning?

The comprehension experiment in Experiment 2 extends the so-
called perceptual learning paradigm. While this has been used widely
to examine malleability of linguistic categorization of the perceptual
input, the exact nature of learning is still under contention (Xie et al.,
2016). Here we interpret the incorporation of ambiguous tokens into a
recalibrated category as evidence of implicit learning of acoustic cue
distributions. We consider this learning to be happening at the prosodic,
rather than phonetic, level because exposure and test tokens never
contained identical lexical or segmental information and hence are
distinct in their exact acoustic cue values. The categorization boundary
shift would not be expected if listeners were simply storing memory
traces of phonetic cues and feedback (i.e., category labels) received
during exposure.

However, there are at least two classes of alternative accounts for the
observed patterns of data. One is that, instead of engaging with distri-
butional learning, listeners may be simply learning to answer “question”
(or “statement”) when they hear a prosodically ambiguous token. In
other words, they simply classify test tokens either as ambiguous or
unambiguous, and respond to all ambiguous test tokens with the same
category label given to ambiguous exposure tokens. This is not partic-
ularly plausible because listeners, at least in some conditions (e.g., the
question-biasing condition with the male talker), shifted their judgments
even for items close to the end points of the continua. However, the
current data does not decisively reject this alternative account. A more
stringent test for the distributional-learning hypothesis should therefore
ask how much category-internal structure listeners can detect and learn.
For instance, if listeners do indeed learn and store a distributional
structure of a prosodic category, they might respond differently to
prototypical vs. deviant category members (Xie et al., 2016). Further,
listeners should also be attuned not only to shifts of category means but
also to their variances (Clayards et al., 2008; Theodore and Monto,
2019).

Another possibility is that listeners may have used the exposure input
to adjust their expected FO range for a given talker. In the statement-
biasing condition, for example, ambiguous tokens labeled as state-
ments serve as the “bottom-end” of a recalibrated pitch range for a
talker. Subsequently, all the post-test tokens are evaluated against this
talker-normalized FO range, which increases statement responses for
intermediate steps (e.g., Steps 5-8). (Similar narrowing can happen in
the opposite direction in the question-biasing condition.) Although still
talker-specific, this type of normalization may not involve learning of
distributions for each category. To gain further insights, future studies
should manipulate an overall acoustic cue mean (e.g., a given talker’s
mean FO) and category means independently.
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Additionally, it is possible that listeners combine normalization and
distributional-learning and/or concurrently apply them for different
purposes. In recent work, Lehet and Holt (2020) demonstrated that lis-
teners do quickly learn distributional statistics of durational values
informative about vowel categories in an artificial accent (extending Liu
and Holt (2015)). Phonetic duration of these vowels, however, exerted a
consistent influence on categorization of a subsequent consonant, an
effect often associated with normalization. Lehet and Holt concluded
that normalization and distributional learning can happen simulta-
neously to best navigate variability present at multiple levels of pro-
cessing hierarchy.

We, too, have postulated that normalization and distributional
learning are not mutually exclusive and that learning may or may not
operate over normalized cues. Moreover, relative importance or use-
fulness of these two mechanisms will likely change across different cues
and categories as well as across varying training regimes (e.g., amount of
exposure and task difficulties). The proposed analysis framework —
predicting comprehension from the distributional information in pro-
duction - provides tools to probe when, in principle, distributional
learning will be useful above and beyond what can be achieved via
normalizations (Kleinschmidt, 2019). Before closing, we now sketch out
how this framework may shed new light on the long-standing puzzle of
form-meaning mapping in the phonological knowledge of speech
prosody.

4.3. Implications for intonational speech prosody

The results of this study speak to a pertinent question: how do lis-
teners maintain prosodic invariance under changes of perceptual detail
(Arvaniti, 2019; Dilley, 2007; Grice et al., 2017; Gussenhoven, 1999;
Ladd, D Robert, 2008; Ladd and Morton, 1997; Liberman and Pierre-
humbert, 1984)? While FO, the primary phonetic property of intona-
tional prosody, is continuous and variable across and within talkers,
listeners can reliably recognize prosodic categories (for reviews see
Dahan, 2015; Ward, 2019). At the same time, listeners are demonstra-
tively sensitive to category-internal, phonetic variability to extract
gradient meaning. For instance, relative height of a pitch peak and its
temporal alignment with a stressed syllable can independently serve as a
cue to degrees of intonational emphasis (Ladd and Morton, 1997), which
in turn signal the relative significance of the message (Gussenhoven,
1984). A major theoretical challenge has thus been the need to account
for the discreteness and gradience of the form-meaning mapping in a
coherent framework (Arvaniti, 2019; Grice et al., 2017).

At its core, this is a question about how the comprehension system
balances flexibility with the stability that is necessary for communica-
tion of meaning across contexts. The framework we explored with ideal
observers allows us to begin answering this question through the lens of
“inference under uncertainty” (Kleinschmidt and Jaeger, 2015). As
discussed in Section 2.3, this framework (among many others) assumes
that listeners do not directly map the acoustic input (e.g., FO) onto a
stored, meaning-bearing, representation. Rather, they infer such a
mapping. That is, they “combine what they know about how speech is
generated in order to recover (or infer) the most likely explanation for
the speech input they hear” (Kleinschmidt, 2019, p. 44). Across talkers,
phonetic cues for each possible “explanation” (i.e., prosodic categories
such as boundary tones and pitch accents) can change. Listeners there-
fore need to inferentially arrive at an explanation that is most likely given
relevant previous experiences.

To take a concrete example, let us consider productions of question
vs. statement prosody by adults and young children. Patel and Grigos
(2006) reported that four-year-olds, compared to older children and
adults, rely more on syllable duration rather than FO to signal the
question vs. statement contrast (Fig. 19). Their productions of questions
are in fact often mistaken as statements by adult listeners who are not
used to the speech pattern (Patel and Brayton, 2009). The analysis
framework proposed in the current study makes the prediction that
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Fig. 19. Distributions of phonetic cues and density functions associated with question vs. statement categories. Panel A: marginal distributions expected from adult
native speakers’ productions; Panel B: adaptation in response to increased input from young children; Panel C: hypothesized data from 4-year-olds based on the

observation in Patel and Grigos (2006).

adult listeners begin with their general expectations derived from mar-
ginal distributions (Fig. 19A). With increasing input from young chil-
dren (Fig. 19B), expectations for underlying distributions may “adapt”
to the patterns as the means and variances shift over time (Fig. 19C).
Consequently, tokens that would initially be heard as part of the state-
ment category (Tokens a and b) will be more reliably mapped onto the
statement and the question categories, respectively. A simple, intuitive
prediction is that parents and other caretakers of young children,
compared to others, can deploy distributional representations more
attuned to young children’s productions. This will make it easier for
them to distinguish (otherwise ambiguous) questions and statements
from those children.

Although we are not aware of any direct, quantitative test of this
specific hypothesis, existing evidence of short-term, talker-specific ad-
justments of prosodic perception (Baese-Berk et al., 2014; Patel and
Schroeder, 2007; Saindon et al., 2017) as well as effects of native lan-
guage on second language prosody categorization (Liu and Rodriguez,
2012) provide indirect support for the idea that prior experiences sys-
tematically govern cue-category mapping inferred in a context. The
paradigm used in Experiment 2 can be extended to directly test whether
and how distributional statistics associated with talkers (or talker
groups) can predict distinct outcomes of inferences.

In summary, learning to represent structure of phonetic cues in the
input allows listeners to maintain stable phonological categories despite
their variable phonetic realizations. This dovetails nicely with a now-
classic observation that prosodic contrast is “categorically interpreted
but not categorically perceived” (Ladd and Morton, 1997). In other
words, a categorical contrast (e.g., question vs. statement, focus vs. non-
focus, stressed vs. unstressed) can emerge as an outcome of inference
over the gradient input, guided by implicit knowledge of underlying
distributional statistics. Stored details of prosodic input, and their
gradient differences, can then be used to process gradience in meaning,
as well as emotive and social meaning in the speech code. The ideal
observer framework can be extended to model such a mapping between
phonetic cues and gradient meaning (instead of a binary choice proba-
bility as we have examined here). Computational detail for this exten-
sion, however, remains to be investigated in future work.

4.4. Limitations and questions for future studies

A clear limitation of the current data stems from the highly restricted
number and types of utterances used in the experiments. Indeed, the
production data in Experiment 1 had only one construction (“It’s X-ing”)
and the training and test items in Experiment 2 had the identical
structure. The current stimuli therefore offer only a limited amount of
information about an extent to which the effects of talker-specific
learning are generalizable across different lexical items and sentence
structures. An anonymous reviewer also pointed out that the
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circumscribed method we used to collect the production data in
Experiment 1 (e.g., monologue, repetitive production of a single con-
struction, no feedback) was likely to reduce overall variability in pro-
duction and potentially promoting entrenchment of intonation contours
across items. If true, that means that the current set of production data
would underestimate the amount of within-talker variability compared
to true underlying distributions to be observed in a more naturalistic
form of language use. Accurately estimating distributional statistics that
constrain the listener’s prior knowledge and learning is by no means
trivial both theoretically and methodologically (Kleinschmidt, 2019).
We plan to address this question in our future experiments by system-
atically examining relevant parameters (e.g., types and tokens of sen-
tences, discourse and communicative contexts, presence/absence of
interlocutors) and their impacts on the structure of production
variability.

Likewise, the comprehension experiment used between-participant
design, where the exposure input and the pre—/post-exposure tests
were produced by a single talker. It is therefore unclear if the learning
was indeed conditioned on the talker or on the general task environ-
ment. Future studies must expand the scope of inquiry by covering a
broader range of linguistic constructions produced by multiple talkers
under different situations (e.g., reading vs. speaking, casual vs. formal
speech, monologue vs. dialogue) to elucidate how variability can be
ascribed to possible contextual sources.

One important question for future computational research concerns
how to integrate the notion of a “talker” in a model. In the current study,
we considered three different possibilities: talker-independent models
with no notion of a talker identity, gender-specific models with the
notion of a prototypical talker of a given gender, and strictly talker-
specific models. As we discussed in 3.5.1, talker-independent models
are bound to have wider category variances than gender- or talker-
specific models as we implemented here. These models, therefore, can
systematically overestimate the category variability when fit to tokens
from one talker, inflating the relative benefit of talker-specific models.
How we model a talker, in fact, relates to a deeper theoretical question
about memory representations used in human speech perception. Do
listeners model each talker’s productions anew and store them sepa-
rately? Or, alternatively, do they aggregate their experiences over
multiple talkers? If so, do they estimate means and variances for a
“prototypical” talker (for relevant discussions, see Kleinschmidt and
Jaeger, 2015, 2016)? Future work should thus delve deeper into how
human cognitive architecture may strike a balance between storing
details of individual talkers’ productions and compressing information
to achieve efficient memory representations (e.g., for a recent review,
see Bates and Jacobs, 2020).

Finally, the computational approach used here (an ideal-observer) is
a normative model, and as such it makes certain assumptions that are
not directly applicable to modeling human listeners. For instance, it has
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unlimited memory resources to accurately represent distributional in-
formation in the data. In addition, our models and other existing ap-
proaches (e.g., McMurray and Jongman, 2011) make a simplifying
assumption that the talker-specific information is known and available
to listeners. In reality, the information needs to be gradually extracted
from utterances of varying length and contents. It is left for future work
to implement modeling and behavioral testing approaches that can
consider cumulative changes of distributional knowledge over time
(Kleinschmidt and Jaeger, 2015, 2016; Theodore and Monto, 2019).

5. Conclusion

We began the current investigation with a puzzle: how can listeners
reliably interpret meaning from the prosodic signal when stable map-
pings between the raw acoustic signal and prosodic categories appear to
be lacking? There is now broad agreement that expectations based on
implicit knowledge about categories’ distributions of cues are critical to
speech perception (Clayards et al., 2008; Feldman et al., 2009; Johnson,
2005b; Norris et al., 2015; Pierrehumbert, 2001; Pisoni and Luce, 1987;
Smith and Hawkins, 2012). But this leaves open whether, and how, these
expectations are contingent on the talker. Research on segmental speech
perception has found that listeners seem to draw on expectations relative
to the present context, including talkers (Foulkes and Hay, 2015;
McMurray and Jongman, 2011; Nygaard and Pisoni, 1998). Similar
findings have begun to emerge for supra-segmental speech perception,
including intonational speech prosody (Cangemi et al., 2015; Kurumada
etal.,, 2017; Nakamura et al., 2019; Roettger and Franke, 2019; Roettger
and Rimland, 2020).

The present findings extended this insight. Only when cues were
normalized relative to the talker’s cue distribution do distributional
models provide a good fit against the listener’s interpretation of pro-
sodic inputs. This entails that listeners learn and store information about
talker-specific cue distributions—to subtract out (normalize) a talker’s
mean utterance-final FO and syllable duration, listeners need to first
learn this information through exposure. Indeed, the models that best
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describe listeners’ interpretation of prosody go one step further: the
best-fitting models had access to not only talkers’ overall cue distribution
(across the two categories), but also the talker-specific, category-specific
distribution of cues. If future work replicates this pattern, it would
suggest that the representations underlying human speech perception
consist of many different talker- and/or group-specific models—as
proposed in exemplar (Foulkes and Hay, 2015; Hawkins, 2003; Johnson,
2006; Pierrehumbert, 2001), episodic (Goldinger, 1996b, 1998; Sumner
and Samuel, 2009), and Bayesian theories of speech perception
(Kleinschmidt and Jaeger, 2015; Kronrod et al., 2016; Norris et al.,
2015; Theodore and Monto, 2019).
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Appendix I Sentences produced by participants in Experiment 1, once as a statement and once as a question

. It’s closing.

. It’s ending.

. It’s falling.

. It’s freezing.
. It’s loading.
. It’s melting.
. It’s raining.
. It’s snowing.
. It’s starting.
. It’s working.
. It’s ticking.

. It’s printing.
. It’s running.
. It’s coming.
. It’s reading.
. It’s writing.
. It’s moving.
. It’s learning.
. It’s changing.
. It’s stopping.
. It’s walking.
. It’s sinking.
. It’s crashing.
. It’s cooking.
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Appendix II A comparison of two variants of talker-independent and talker-specific models (Experiment 1)

We constructed a new set of talker-independent models by training them on data randomly subsampled from the training pool so that the number
of training tokens matches those used for talker-specific models. Due to this random sampling, a different training model was constructed for each test
talker, resulting in 65 talker-independent models. As shown Fig. A1 (Panel A), performances of such models were more or less equivalent to those of
the talker-independent models reported in Section 2.3.2 and significantly poorer than those of the talker-specific models, regardless of the type of cues
used.

To further examine whether the better performance of the talker-specific models was indeed due to talker-specificity, instead of more constrained
training data (from individual talkers), we tested the trained talker-specific models on test data randomly sampled from test tokens across talkers (the
number of test tokens matched those used for talker-specific models). As shown in Fig. A1 (Panel B), such models did not evidence any significant
benefits over the talker-independent models. This yields additional support to the conclusion that the higher predicted accuracies associated with
talker-specific models stemmed primarily from the congruency between the training data and the test data (i.e., generated by the same, talker-specific,

underlying prosodic cue distributions).
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Fig. Al. Predicted accuracy of different ideal observer models. Error bars show bootstrapped 95% Cls of predicted by-talker accuracy (an average of the five folds
was computed for each talker, Cls are over these by-talker means). Note that the y-axis starts at chance performance (0.5). In each panel, the talker-independent
models (bars in light grey) and the talker-specific models (the rightmost bars) are identical to those shown in Fig. 8 in the main text.

Appendix III Stimuli norming for the comprehension experiment (Experiment 2)
We conducted a norming experiment to assess whether the stimuli created for both talkers spanned the continuum from question to statement, and

to ascertain the most ambiguous continuum step. Stimuli created from the female talker were normed by 120 self-reported native speakers of
American English, recruited through Amazon Mechanical Turk. 12 participants (10%) were excluded for providing the identical responses to all
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tokens, leaving 108 participants for analysis. Stimuli created from the male talker were normed by 60 participants recruited in the same manner. 3
participants (5%) were excluded, leaving 57 participants for analysis.

Participants provided two alternative forced choice (2AFC) responses to 12 tokens of It’s X-ing, each of the six lexical items at two different
continuum steps. Six lists were created by varying the nouns at each continuum step to mitigate the potential of item-specific effects. For example, one
list used the verb booting as Steps 0 and 6, while another list used Steps 2 and 8 for the same item. Order of presentation was randomized across
participants. Participants did not receive feedback on their responses.

Results of the norming study are presented in Fig. A2. As expected, listeners’ responses were almost categorical at the two continuum ends,
gradually shifting from statement (Step 0) to question (Step 11). We identified Step 7 and Step 8 to be the a priori most ambiguous items for the female
and the male talker (46.7% and 55.3%), respectively. We also determined that responses given to Steps 0 and 1 were more or less identical, and
therefore truncated the continuum to 11 steps (Steps 1-11 in the Norming Studies).

Female Talker Norms Male Talker Norms
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Fig. A2. Proportions of question (as opposed to statement) responses by continuum steps in the Norming study. Error bars indicate bootstrapped 95% confidence
intervals. Circles indicate continuum steps used in the exposure phase of Study 2. For both the female and the male talker, steps 1 and 11 were selected as typical
statement and question realizations, respectively. Step 6 of the female talker and Step 7 of the male talker were selected as maximally ambiguous token.

Appendix IV 2AFC comprehension responses given to exposure tokens (Experiment 2)

To examine the rate of adaptive changes that happened during the exposure phase, we summarized the responses given to the 30 exposure tokens
across the three between subject conditions in Experiment 2 (Fig. A3).

The data support three observations. First, as expected, responses given to the unambiguous tokens (plotted in blue and yellow, Step 1 an 11,
respectively) were more or less stable throughout the exposure trials. However, the exact profiles were not identical across the three between subject
conditions i.e., Participants seem to have been less accurate in their judgments when they encountered these “unambiguous” tokens in the question-
biasing and the statement-biasing conditions, as compared to the no bias condition. We suspect that the presence of the ambiguous tokens might have
increased the overall task difficulty by increasing the level of uncertainty in their judgments.

Second, the largest amount of “shift” in the responses given to the ambiguous tokens (i.e., an indication of learning) happened at the beginning of
the exposure phase. The change was also incremental (i.e., gradual), happening over multiple trials. We plan to delve into the nature of the adaptation
using a Bayesian belief updating models (Kleinschmidt and Jaeger, 2016; Kleinschmidt, 2020).

Finally, to the ambiguous tokens, participants initially provided similar responses across the conditions (i.e., the question-biasing and the
statement-biasing) and then gradually learned to provide opposing interpretations (Panel B in the figure below). The adaptive changes seem to be
more or less symmetrical between the statement-biasing and the question-biasing conditions although the steepness of the slopes was constrained by
the initial biases associated with a given talker. More specifically, the ambiguous tokens sounded somewhat more like a question for the female talker
while they sounded somewhat more like a statement for the male talker. We plan to delve into likely sources of these biases as well as into the in-
cremental nature of the adaptation in our future experiments with a wider range of items with increased number of stimuli.
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Fig. A3. Proportions of question (as opposed to statement) responses given during the exposure phase by the female vs. the male talker conditions in Experiment 2.
Panel A: Overall response patterns across the between subject conditions. The trial order represents the relative ordering of the 15 exposure tokens associated with
the question vs. the statement feedback. The colors represent the continuum steps that the stimuli were sampled from: Blue and yellow indicate unambiguous tokens
(Step 1 and Step 11, respectively) and green represent the ambiguous items (Step 6 and Step 7 for the female and male talker conditions). Error bars indicate
bootstrapped 95% confidence intervals. Circles and crosses indicate the feedback types. Panel B: Responses given to the prosodically ambiguous tokens in the female
vs. the male talker conditions; the top and bottom lines represent the Question-Biasing and the Statement-Biasing conditions, respectively. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.cognition.2021.104619.
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