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Abstract
Words sound slightly different each time they are said, both by the same talker and across talkers.
Rather than hurting learning, lab studies suggest that talker variability helps infants learn similar sounding words. However, very little is known about how much variability infants hear within a single talker
or across talkers in naturalistic input. Here, we quantified these types of talker variability for highly
frequent words spoken to 44 infants, from naturalistic recordings sampled longitudinally over a year
of life (from 6 to 17 months). We used non-contrastive acoustic measurements (e.g., mean pitch, duration, harmonics-to-noise ratio) and holistic measures of sound similarity (normalized acoustic distance)
to quantify acoustic variability. We find three key results. First, pitch-based variability was generally
lower for infants’ top talkers than across their other talkers, but overall acoustic distance is higher for
tokens from the top talker versus the others. Second, the amount of acoustic variability infants heard
could not be predicted from, and thus was not redundant with, other properties of the input such as the
number of talkers or tokens, or proportion of speech from particular sources (e.g., women, children,
electronics). Finally, we find that patterns of pitch-based acoustic variability heard in naturalistic input
were similar to those found with in-lab stimuli that facilitated word learning. This large-scale quantification of talker variability in infants’ everyday input sets the stage for linking naturally occurring
variability “in the wild” to early word learning.
Keywords: Acoustic variability; Corpus methods; Home language environment; Infancy; Language
development; Naturalistic input; Talker variability

1. Introduction
Infants must sort through immense amounts of variability in order to learn their native
language(s). For example, each instance of a given word is going to sound slightly different
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every time it is said, both within the same talker and across talkers, as a result of variables
such as age, gender, dialect, and register (see Boland, Kaan, Valdés Kroff, & Wulff, 2016;
Peterson & Barney, 1952). While previous research has investigated how learners contend
with many of these sources of variability in the lab (e.g., Houston & Jusczyk, 2000; Schmale
& Seidl, 2009; Singh, Morgan, & White, 2004), here we focus on quantifying one type of
variability, namely talker variability, for highly common words in infants’ input. That is,
while previous research has tested the effects of talker variability on learning in controlled
lab environments (Bulgarelli & Bergelson, accepted; Galle, Apfelbaum, & McMurray, 2015;
Richtsmeier, Gerken, Goffman, & Hogan, 2009; e.g., Rost & McMurray, 2009), very little is
known about how much acoustic variability infants hear in the real world.
In constrained laboratory experiments, previous research has shown that input that varies
acoustically (as a function of a talker, accent, or affect) can be both helpful and challenging
for learners. For example, after hearing familiar words from a single talker or in a single
affect or accent, young infants do not always recognize those words when the talker, accent,
or affect changes (Houston & Jusczyk, 2000; Schmale & Seidl, 2009; Singh, Morgan, &
White, 2004; though see van Heugten & Johnson, 2012). Even for adults, who are highly
proficient speakers of their native language, variability stemming from how different talkers
produce words can slow down recognition of familiar words (Mullennix, Pisoni, & Martin,
1989). However, increasing variability during a learning phase can also help infant learners
recognize trained words and reject mispronunciations (e.g., training with variable affect and
testing words with an affect or pronunciation change; Singh, 2008). Similarly, with infant
learners, increasing talker variability can be helpful for integrating input across talkers in a
speech segmentation task (Estes & Lew-Williams, 2015), learning novel phonotactic patterns
(Seidl, Onishi, & Cristia, 2014), and recognizing previously heard words when the talker
changes (Houston, 1999).
Talker variability also shapes various components of early word learning. For instance, Bulgarelli and Bergelson (acepted under review) tested the effects of talker variability on early
word representations in 8-month-olds. They found that learning a new word–object mapping
with talker variability highlighted how the surface features of the word could change (e.g., that
a change in talker does not break the word–object link) but made it difficult for infants to
notice when the sounds of the word had changed (e.g., when it was mispronounced or a totally
new word was said). In contrast, for slightly older infants, the same kind of talker variability
manipulations have been found to help infants learn highly similar words. Specifically, when
English-learning 14-month-olds are presented with novel minimal pairs (e.g., /buk/and/puk/)
produced by a single talker repeating a small subset of tokens, they have difficulty associating
these words with two novel objects (in a traditional Switch task; Stager & Werker, 1997).
In contrast, when infants hear these words produced by a highly variable single talker or by
multiple talkers, they succeed in learning the word–object pairings (Galle et al., 2015; Rost
& McMurray, 2009); this effect holds in German as well (Hohle, Fritzsche, Meb, Philipp,
& Gafos, 2020). Other manipulations also help 14-month-olds with this more challenging
minimal pair switch task, such as highlighting the referential nature of the task, embedding
the novel words in full sentences, and labeling familiar objects before introducing novel ones
(Fennell & Waxman, 2010). Some types of variability, however, are not helpful for learning
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novel minimal pairs. That is, when variability is added to the word tokens in a phonetically
relevant dimension like VOT (voice onset time), 14-month-olds again fail to learn the two
novel words (Rost & McMurray, 2010). Systematicity too appears to play a role in this task:
if within-word variability is completely systematic (e.g., nine women produce word 1 /buk/,
nine men produce word 2 /puk/), infants do not seem to leverage talker variability for learning
minimal pairs (Quam, Knight, & Gerken, 2017). Thus, while talker variability is not necessary for learning highly similar words, adding variability in an irrelevant dimension seems
to allow infants to attend to the differences between the words that remain consistent across
the variable presentations, for example, their initial phonemes (Galle et al., 2015; Rost &
McMurray, 2009; see also Tripp, Feldman, & Idsardi, 2021 for a proposal that the benefit of
talker variability may be due in part to the group membership of the informant).
While both within- and between-talker variability during training help infants learn minimal pairs in the lab with similar effect sizes (Galle et al., 2015; Rost & McMurray, 2009; Tsui,
Byers-Heinlein, & Fennell, 2019), these types of talker variability have different acoustic
manifestations. Galle et al. (2015) quantified these differences by measuring a set of 10 acoustic properties that are irrelevant to word identity, and not contrastive in English (e.g., mean
pitch, harmonics-to-noise ratio, duration). They then computed standard deviations of these
measurements for the between- and within- talker stimuli used in Galle et al. (2015) and Rost
and McMurray (2009). The authors found that for some of the acoustic measurements, withintalker stimuli were significantly more variable, whereas for others between-talker stimuli
were significantly more variable. This suggests that even though these types of (putatively
“irrelevant”) variability influence word learning similarly using the switch task in the lab, the
acoustic information they provide diverges.
Critically, while talker variability has been found to impact word learning in the lab (see
also Richtsmeier et al., 2009), very little is known about how much between- or within-talker
variability infants actually experience in their daily environments. Previous research using
naturalistic recordings has shown that North American infants learning a spoken language
receive input from an average of six different people every day (Bergelson & Aslin, 2017).
Convergently, questionnaire studies have found that French infants in the first year of life hear
between 2 and 21 talkers a week (Bergmann & Cristia, 2018). However, knowing how many
talkers are in a child’s input does not necessarily reveal how many different talkers a child
is likely to hear a given word from, and it does not provide information about the acoustic
variability provided by these talkers. Measuring the acoustic variability in infants’ daily input
is thus an important first step in investigating whether variability influences word learning
beyond what is found in tightly controlled lab settings.
In the current research, we seek to quantify acoustic variability in infants’ naturalistic input
for highly frequent, early-learned nouns. Specifically, we measure acoustic variability for concrete nouns that are highly frequent in infants’ input, based on naturalistic all-day longitudinal
recordings of a sample of 44 infants, recorded monthly from 6 to 17 months. We chose nouns
because they are the focus of the lab experiments with talker variability we are building on,
and they are highly prevalent in English-learning children’s early vocabularies (Fenson et al.,
1994; Gentner, 1982). In contrast to Rost and McMurray (2009) and Galle et al. (2015), we
do not limit our analysis to minimal pairs, as these are quite rare in a speech to (and by)
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infants (Caselli et al., 1995). In what follows, we describe variability at three different levels of aggregation by talker type. Our overall variability measure includes all noun tokens in
the input to infants, our top-talker measure uses noun tokens produced by the most frequent
talker each infant heard, and our other-talkers measure uses tokens from all other talkers
for each child (omitting the top-talker). Our analysis takes both a frequency-based approach
and an acoustic approach. The frequency-based approach seeks to describe properties of the
input that may vary across infants (e.g., the number of talkers, number of tokens). The acoustic approach instead seeks to establish how much acoustic variability infants hear from their
top-talker and from other talkers, using both non-contrastive acoustic measures used in previous research (Galle et al., 2015) and holistic sound-based similarity metrics (see Mielke,
2012). We also compare acoustic variability for top- and other-talker input, asking whether
and how each talker category provides differently varying acoustic information. We further
ask whether the amount of acoustic variability infants hear is related to more straightforward
input metrics (i.e., number of tokens, number of talkers), or the proportion of the input they
hear from different talker categories (i.e., female adults, children, electronics). Understanding
what properties may underlie acoustic variability has implications for ways to systematically
increase this variability in cases where it may be helpful for learning.

2. Methods
2.1. Participants
Participants were 44 infants recruited for a year-long study of word learning, who participated monthly starting at 6 months of age until 17 months of age (23 males, 21 females). All
infants were born full term (40 ± 3 weeks), had no known vision or hearing problems, and
were monolingually raised (parents did not report >25% exposure to a language other than
English). Forty-two of the infants were White and two were multiracial. Maternal education
ranged from high school degree to advanced degree (high school degree: n = 1; some college:
n = 3; associate or bachelor’s degree: n = 18, advanced degree: n = 22). The sample includes
one pair of dizygotic twins; both are included.1
2.2. Procedure
2.2.1. Home recordings, initial data processing, and manual language annotation
Over the course of the year-long study that began when infants were 6 months old, families were audio-recorded once a month for an entire day (up to 16 h), and video recorded
once a month for an hour (on different days’ see Bergelson, Amatuni, Dailey, Koorathota, &
Tor, 2018; see also Bergelson, 2017, for data and fuller data description). For the monthly
audio recordings, infants wore vests with built-in pockets that housed a small LENA audio
recorder (LENA foundation). Families were given these materials in advance and instructed
to have children wear the vest and the LENA recorder from the time they woke up until they
went to sleep for the night, except for naps and baths. Families could pause the recorder but
were asked to minimize these pauses. The monthly hour-long video recordings were obtained
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during a typical hour of the infants’ day. Infants wore a hat or headband affixed with two
small Looxcie cameras (22 g each). One camera was oriented slightly down and the other
slightly up, to best capture infants’ visual field (verified by Bluetooth with an iPad/iPhone
during setup). A standard camcorder (Panasonic HC-V100 or Sony HDR-CX240) on a tripod
was positioned in the corner, which parents were asked to take with them if they changed
rooms. Other than equipment drop-off and pickup, and video-recording setup, the research
team was not present during recording sessions. Details on the entire data processing pipeline
can be found on OSF, see also Bergelson et al. (2018).
For months 6 and 7, the full daylong recordings were used. For months 8–17, a script (see
OSF) was used to demarcate the 4 (month 8–13) or 3 (month 14-17) hours in the file with
the most talk, dubbed subregions (see Supplementals for additional information). Trained
researchers annotated all videos and full daylong recordings (months 6 and 7) or subregions
(months 8–17) for all audio recordings. Thus, the current paper uses input heard by these 44
infants from approximately 54 audio-recorded hours and 12 video-recorded hours per child,
sampled sparsely (i.e., monthly) over the course of a year.
Based on the broader goals of this project (which focused on testing noun knowledge),
each imageable concrete noun said directly to or near the target child was manually tagged
by annotators. This included body parts (e.g., hand, foot) and foods (e.g., cracker, milk),
but not occupations (e.g., teacher), or proper nouns. Concrete nouns produced in the distance
(such as faint background television) were not included. Each noun token was labeled with an
utterance-type (declarative, imperative, question, reading, singing, short phrase (i.e., less than
three words with no verb), see Bergelson et al., 2018), a tag for whether the referent of the
noun was present and attended to by the infant (yes, no, unclear), and individual talker labels
(see Bergelson et al., 2018; Bulgarelli & Bergelson, 2029, for information on the reliability
of speaker tags; reliability was high); the likely addressee was not coded.
2.2.2. Extracting individual word tokens
For the present analysis, we identified the five most frequent nouns across the entire corpus
(tokens = 21,499, types = 5), which were “baby,” “book,” “ball,” “water.” and “dog(gy).”
For each of these, we extracted an audio-clip for each noun instance in all audio- and videorecordings based on its timestamp and a 0.5-s buffer on each side. Then, trained research
assistants transcribed these segments (mean length = 1.83 s) using Praat. Using the Montreal
Forced Aligner (McAuliffe, Socolof, Mihuc, Wagner, & Sonderegger, 2017), we next aligned
the transcribed textgrids to the audio wav files. The first author reviewed all force-aligned
files (N = 21,499) and made adjustments as necessary to the alignment of the target words,
and then extracted the wav files containing the bare target words. This process resulted in
individual wav files for each token of each target word for each participant.
2.3. Acoustic measurements
We took two approaches to quantifying acoustic variability in these word tokens. Our first
set of analyses measured acoustic properties that are not lexically contrastive in English,
as done by Galle et al. (2015) on their laboratory stimuli; hereafter, we refer to these as

6 of 23

F. Bulgarelli, J. Mielke, E. Bergelson / Cognitive Science 46 (2021)

non-contrastive acoustic measures. The second acoustic analysis employed a phonetic metric of sound similarity, based on Mielke (2012); hereafter we refer to this analysis as the
holistic measure of sound similarity.
For our non-contrastive acoustic measures, we measured mean pitch, median pitch, max
pitch, mean pitch slope, duration, and harmonics-to-noise ratio (all operationalized below).
All of these (except median pitch) were measured by Galle et al. (2015), and we conduct the
same measurements to facilitate comparisons across naturalistic input and in-lab stimuli. We
further add median pitch as a pitch measure that is less sensitive to pitch extrema than the
pitch’s max or mean. Each of these measurements was conducted on the whole word using an
automated approach in PraatR (Albin, 2014; see the script at https://osf.io/6gsez/ for details
about how each measurement was calculated).
We divided our tokens into four categories: male adult, female adult, child, or electronic.
We used a category-specific pitch range for the pitch-related measurements in Praat. For
tokens in the male adult category, we used a pitch range of 50–400 Hz, for tokens in the
female adult category we used a pitch range of 100–600 Hz, for children we used a pitch
range of 200–800 Hz, and for electronics we used a pitch range of 50–800 Hz. Using these
category-specific pitch ranges, we calculated several measures. mean, median, and max pitch
reflect the average, median, and maximum pitch, in hertz, for the entire word (Galle et al.,
2015, call max pitch “pitch excursion.”). We further calculated mean pitch slope as the average in the differences between consecutive pitch measurements over the course of the word,
in Hz/ms (Galle et al., 2015, call this pitch slope). Finally, we computed duration (the length
of the word) in seconds (to the nearest 1/100th of a second), and harmonics-to-noise ratio (a
ratio of the energy contained in the periodic part of the speech signal to the energy contained
in the aperiodic part) using the harmonicity (cc) standards in Praat, with a time step of 0.01
s, the category-specific minimum pitch, silence threshold of 0.1, and number of periods per
window of 1.
While Galle et al. (2015) measured an additional five spectral measures, here we opt not
to include these as they are not intended to measure properties of an entire word, but are
more traditionally measured on specific sounds, for example, affricates and fricatives (e.g.,
Jongman, Wayland, & Wong, 2000). Furthermore, spectral measurements are affected by the
vowel in the word itself; while Galle et al. (2015)’s stimuli all had the same vowel, ours do
not, and thus spectral measurements are challenging to compare.2
For a more holistic measure of sound similarity, we calculated acoustic distances between
any two tokens of a word (within subject) using a dynamic time warping algorithm (see
Mielke, 2012, for an earlier use of dynamic time warping to measure phonetic similarity).
First, each sound file was converted into matrices of MFCCs with 12 coefficients using PraatR
(see OSF for script). Using the DTW package in R (Giorgino, 2009), we used these matrices
to calculate the normalized acoustic distance between every two tokens of a word for each
subject, using the Euclidian distance method. The DTW algorithm calculates the acoustic
distance between two tokens by first finding the optimal path between the matrices of two
sounds; and then calculating the average of the distances for all points that the path passes
through. We used the “symmetric2” slope constraint in the DTW package, which is normalizable and symmetric but does not impose any slope constraints. Due to differences in
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lengths across files, imposing slope constraints such that files could not be more than three
times as long as each other would have resulted in excluding 40,548 comparisons, involving 10,359 different files. Since we are interested in capturing variability across instances
of words, imposing these constraints would not capture the full range of variability.3 If the
two sounds were identical, the optimal path would be perfectly diagonal, and the normalized
acoustic distance would be 0. More similar sounds or words will therefore have a smaller normalized acoustic distance, while less similar sounds or words will have a larger one. A normalized acoustic distance was calculated for each unique pair of tokens of, for example, the
word ball for subject 1 (repeated for each word, for each subject).
2.4. Excluding unusable tokens
There were a few types of problematic word tokens that we excluded before analysis: those
with likely pitch tracking errors, overlapping environmental sounds, and high static.
Since we were specifically interested in quantifying the amount of variability infants hear,
we did not exclude any extreme values (such as those more than 3 standard deviations away
from the mean). However, extreme values in pitch measurements can be due to erroneous
pitch tracking as opposed to actually extreme values. While manually inspecting the pitch
track for >20,000 word tokens was not feasible, we sought to minimize errors (particularly
for our extrema measurements such as max pitch and mean pitch slope) by excluding any
tokens that had consecutive pitch measurements that differed by more than an octave (double
or half the previous pitch). Such jumps in pitch are a classic signature of pitch-tracking errors
and are unlikely to occur in natural speech. We identified n = 4,176 that met this criteria and
excluded them from our analyses.
Word tokens from naturalistic recordings can include background noise that human listeners readily filter or source-separate, but which potentially skew the acoustic measures we
sought to characterize (e.g., other speakers in the background, music, toy noises, or animals).
To protect against this possibility, the first author listened to each individual token and determined whether it needed to be excluded either due to overlap with other speakers, or other
environmental noise (e.g., ball bouncing, hands clapping, toy noises, etc). Using this method,
446 tokens (out of 17,570) were excluded due to environmental noise (music, toy noises, other
loud noises), while 570 were excluded due to overlap with other speakers. To ensure consistency, a trained research assistant listened to ∼ 10% (N = 542), of the tokens of “baby,” the
most frequent of our words, to independently assess whether they should be excluded for
background noise. Agreement was 92.79%, kappa = 0.65.
We also excluded any token with a harmonics-to-noise ratio <1 (N = 865). While a
harmonics-to-noise ratio of 1 is not intrinsically meaningful, setting this cutoff excludes the
small tail of tokens with a relatively high ratio of aperiodic noise relative to periodic speech,
thus excluding tokens where the word of interest was muffled by static. A histogram of the
distribution of harmonics-to-noise ratio values for all tokens (included and excluded for all
the reasons above) can be found in Fig. 1. Lastly, we excluded any token for which any of
the acoustic measurements could not be measured (N = 334); this was usually the case when
pitch information was missing. While a relatively small number of tokens were excluded
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Fig. 1. Left: Histogram of the distribution of the harmonics-to-noise ratio values. Those in yellow are below 1, and
were excluded. Right: Stacked bar plot of inclusions and exclusions.
Table 1
Per-word details about tokens and talkers across the sample of 44 subjects. The “Tokens” column shows the total
number of tokens included, with the percentage of tokens included after our exclusion process in parentheses. The
“Talkers” columns shows mean(range) number of talkers. The “Others”, “Top,” and “Overall’ columns show the
mean (SD)” for tokens in each of these talker-types. The “All” row represents the entire dataset
Word

Tokens

Talkers

Between

Within

Overall

Baby
Ball
Book
Dog
Water
All

3825 (75.55%)
2662 (71.97%)
3242 (68.63%)
3188 (72.44%)
2695 (74.61%)
15,612 (72.62%)

5 (2–10)
4 (2–8)
4 (1–8)
5 (1–9)
5 (2–13)
5 (1–13)

30 (26)
19 (20)
20 (17)
28 (28)
18 (14)
23 (22)

57 (52)
42 (34)
54 (53)
45 (40)
43 (30)
48 (43)

87 (60)
60 (43)
74 (58)
72 (58)
61 (36)
71 (53)

due to missing values, excluding them avoided unnecessary researcher degrees of freedom
in data imputation approaches in our analyses. While we find these exclusions methodologically appropriate for our goals, it is in principle possible that they could impact our results.
We make all tabular data available alongside this paper for interested researchers who would
like to consider different criteria.
Thus, after all exclusions, the current dataset (see Table 1) includes 3824 tokens of “baby”;
2662 tokens of “ball”; 3242 tokens of “book”; 3187 tokens of “dog/doggy”; and 2695 tokens
of “water.”
2.5. Data aggregation
Given our central goal of characterizing talker variability across our measures, we aggregated the data in three ways: overall, top-talker, and other-talkers. Specifically, the overall
variability analyses combined all tokens heard by infants. The top-talker analyses were done
using all tokens produced by each subjects’ top talker (i.e., the talker who produced the most
nouns across each infants’ entire corpus). In most cases, the top talker was the infant’s mother,

F. Bulgarelli, J. Mielke, E. Bergelson / Cognitive Science 46 (2021)

9 of 23

Fig. 2. Data aggregation flow. This process results in a other-talker and top-talker mean and SD for each of the six
non-contrastive acoustic measurements, for each of the five words, for each of the 44 infants.

but for some it was their father or grandparent. The other-talkers analyses were then conducted by grouping together all tokens produced by other talkers from each child’s input,
excluding their top-talker. In the remainder of the paper, we use top-talker, other-talkers, and
overall variability as described here, and we call this variable talker-type. As it remains an
open question whether learners track talker-specific distributions (see, e.g., Choi & Shukla,
2021) and to maintain independence of observation, we only conduct statistical analyses comparing the top-talker and other-talkers levels, as comparing overall to either top-talker or
other-talkers would violate independence assumptions.
For our non-contrastive acoustic measurements, we then calculated means, ranges, and
standard deviations (SD) for each infant, for each word, at each talker-type level (see Fig. 2
for data aggregation flow). The SDs for mean pitch, max pitch, mean pitch slope, duration, and
harmonics-to-noise ratio for the top-talker and other-talkers levels can be directly compared
to the measurements reported for within-talker and between-talker stimuli (respectively) by
Galle et al. (2015). The means and ranges are reported for transparency in the Supplemental materials.
For our holistic measurement of sound similarity, we calculated an average normalized
acoustic distance for each subject for each word,4 at each talker-type level. For this measurement, the top-talker average reflects the average acoustic distance for all comparisons
of tokens produced by the top talker, while the other talkers average reflects the average
acoustic distance for all comparisons of tokens produced by any other talker. That is, the
other talkers average includes dynamic time warping comparisons of tokens produced by all
talkers excluding the top talker (e.g., subject 1’s dad tokens to each other and to subject 1’s
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grandmother tokens). The overall variability average reflects comparisons for all tokens (subject 1’s top talker tokens to each other, and all other tokens (e.g., dad, grandmother)).

3. Results
In what follows, we quantified talker variability by taking a frequency-based and an
acoustic-based approach. In the frequency-based section, we asked how many different talkers
infants heard producing highly frequent nouns, and how many tokens of those words infants
heard overall from their top-talker and other talkers. For the acoustic-based section, we ask
how much acoustic variability infants heard for these highly common words overall, and from
their top-talker and all other talkers, using both the non-contrastive acoustic properties and
the holistic similarity metric described above. Then, we investigated whether the amount
of acoustic variability infants heard is related to other properties of the input, such as the
number of tokens or the number of talkers infants heard, and the proportion of input from
different sources (e.g., female adults, children, electronics). Lastly, we asked how the patterns
of acoustic variability for naturalistic input differed from those reported for in-lab stimuli
that are designed to feature high talker variability, and which support novel word learning in
prior work.
3.1. Frequency-based analyses
3.1.1. Top concrete nouns
As described above, our analyses focus on the top five concrete nouns in the corpus overall:
baby, ball, book, water, and dog(gy). On average, 4.60 of these five words occurred in the top
25 concrete nouns for all families (see also Bergelson et al., 2018, for the top 10 words for just
months 6 and 7 of the corpus). Further, an analysis of CHILDES using childes-db (Braginsky,
Sanchez, & Yurovsky, 2019) confirms that these five words are in the top 25 concrete nouns
for a large sample of corpora (see Moore & Bergelson, under review, for full details on the
corpus analysis). Thus, while family-by-family frequency of individual concrete nouns varied,
the nouns analyzed here provided a representative sample of highly frequent concrete nouns
for this corpus, and for many other corpora in CHILDES.
3.1.2. Number of talkers and number of tokens
Over the course of the ∼ 66 h annotated from each infants across 24 days over the sparsely
sampled year, infants heard an average of 71 tokens of each of these words, produced by five
talkers on average (including both the child’s top talker and all other talkers; see Table 1 for a
breakdown by word).5 These values were modestly correlated: hearing more talkers produce
a specific word resulted in hearing more tokens of that word overall, τ = 0.21, z = 4.36,
p < .001.
We then divided the tokens into top-talker and other-talkers tokens (as detailed above) and
counted the instances of each word for each subject. For example, one subject heard the word
“baby” 36 times from their top talker and 19 times from all other talkers (n = 4 talkers). Each
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subject’s average number of tokens was calculated as the mean token count across words for
each talker-type (see Fig. 2). On average, infants heard 48 tokens of each word from their
top talker and 23 tokens of each word from all other talkers (see Table 1 for breakdown by
word). There was a modest correlation between the number of tokens infants heard from their
top-talker and from other-talkers τ = 0.17, z = 3.73, p < .001, suggesting that infants who
hear more input tend to hear more input from both talker-types.
As evidenced by the ranges and SD reported in Table 1, there was considerable variability across subjects in how many tokens of these words infants heard and how many talkers
they heard them from. What these values cannot tell us, however, is (1) whether there was
relative consistency in which talkers produced these words and (2) how many instances of
a given word each talker produced. To address the first question, while infants heard five
unique talkers on average for any given word, infants heard an average of 9 (SD = 3) distinct
talkers across these five words. Additionally, any given talker produced, on average, three of
these words; with some producing only one word and others producing all five (SD = 2).
Together, this suggests that there is also variability in who infants heard produce even highly
common words.
Answering the second question, looking across all talkers (including the child’s top talker),
infants heard an average of 16 tokens of each word per talker, though this varied substantially
across subjects (range = 2–116, SD = 22). However, this value is inflated by the child’s top
talker. Focusing only on other-talker tokens, infants heard an average of six tokens of each
word per talker (range = 1–41, SD = 7).
We further sought to describe the distribution of other-talker tokens from different talker
categories. The proportion of other-talker tokens produced by female adult talkers (33%) did
not differ from the proportion of other talker tokens produced by male adult talkers (36%),
t (431.66) = −0.84, p = .399. In addition to other-talker tokens produced by adults, 22%
of other-talkers tokens were produced by child talkers, and 9% of other-talkers tokens were
produced by electronics.
Taken together, our descriptive, frequency-based analyses found wide variability in the
number of talkers and tokens infants heard producing highly common nouns. Moreover, this
variability was seen both in the number of tokens infants heard across all talkers, as well as
within individual “top” talkers.

3.2. Acoustic variability
3.2.1. Acoustic measurements of naturalistic tokens
Having established how many talkers and how many tokens of words infants heard, we
now turn to describing the acoustic measurements of these tokens. For our non-contrastive
acoustic measurements, the central focus is the standard deviations of these acoustic measurements, which allowed us to quantify talker variability. As we did for the frequency measurements, we examined the acoustic measurements overall, for the top-talker alone, and
for the other talkers.6 Specifically, we calculated the standard deviation for each acoustic
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Table 2
Standard deviations of acoustic measurements for other-talkers and top-talker tokens in the current dataset and
in Galle et al (2015) (for non-contrastive acoustic measurements) and mean normalized acoustic distance in the
current dataset. Asterisks indicate which talker-type (others vs. top) was found to be significantly more variable. pValues are uncorrected. Max pitch, mean pitch, and median pitch comparisons withstand the Bonferroni correction
for multiple comparisons (p = .007)
Current dataset

Galle et al. (2015)

Measurement

Overall

Other-talkers

Top-talker

p value

Between

Within

SD Mean_pitch(Hz)
SD Max_pitch(Hz)
SD Median_pitch(Hz)
SD duration(ms)
SD Harmonic_to_Noise(dB)
SD Mean_Pitch_slope(Hz/ms)
Mean acoustic distance

85.66
119.26
86.91
170.87
4.37
4.57
294.61

90.55*
123.97*
91.72*
160.17
4.01
4.63*
224.46

69.18
100.73
70.6
161.57
4.18*
3.94
297.87*

<.001
<.001
<.001
0.602
0.048
0.014
<.001

77.54*
137.22*
NA
112.03
3.07
9.57*
NA

37.73
64.48
NA
203.65*
3.95*
6.67
NA

measurement for each word, for each subject (e.g., the SD of duration across tokens of “ball”
heard by subject 1 from all talkers (overall variability), their top talker, and their other talkers).
For our holistic sound similarity measure, the central focus is the average acoustic distance calculated using the dynamic time warping approach described above. This measurement allowed us to capture overall similarity across tokens of words in the overall dataset,
as well as for the top-talker or other-talkers. As described above, we calculated the mean
acoustic distance for each word, for each subject at each talker-type level (overall, top, other).
Values reported in Table 2 aggregate across words and subjects. That is, each overall variability value and each top-talker standard deviation was made up of 220 data points (5 words *
44 subjects). Due to a lack of other-talkers tokens for some words/subjects, the other-talkers
values were made up of 214–217 data points.
Using these sets of acoustic measurements, we tested whether infants heard more acoustic
variability from their top-talker or other-talkers. This let us assess whether the child’s top
and other talkers provide different evidence for the limits of how words can vary. As noted
above, we only conducted statistical comparisons across these two talker-type levels, as these
maintain independence of observations. We compared values (SDs for non-contrastive acoustic measurements and means for the holistic sound similarity measure) for the top-talker and
the other-talkers using a Wilcoxon test.
We found that variability from other-talkers was significantly greater than that from the
top-talker for mean pitch, max pitch, median pitch, and mean pitch slope, while variability
from the top-talker was significantly greater for the harmonics-to-noise ratio, though the differences for mean pitch slope and harmonics-to-noise ratio did not withstand correction for
multiple comparisons (see Table 2). Variability from the top and other talkers did not differ
for the duration. We conducted a similar analysis for holistic measurement of sound similarity
to assess whether the tokens infants heard are overall more similar for their top talker relative
to all other talkers. We found that the mean normalized acoustic distance was significantly
larger for top-talker tokens relative to other-talkers tokens.
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The preceding analysis of SDs and holistic acoustic distance collapsed across all words
in our dataset. To test whether word-level effects contributed to the variance of these measurements (i.e., our measure of talker variability), we next conducted a series of 5 (word)
× 2 (talker-type: top/other-talker) ANOVAs, one for each non-contrastive acoustic measurement and the holistic similarity measure, testing the effects of word, talker-type, and
critically, their interaction.
As expected, the main effect of word was significant for all models (all p < 0.02). Additionally, the main effect of talker-type was significant for mean pitch F (1, 424) = 58.96, MSE =
829.96, p < .001, max pitch F (1, 424) = 39.17, MSE = 1, 488.88, p < .001, median pitch
F (1, 424) = 51.59, MSE = 913.16, p < .001 and mean pitch slope F (1, 424) = 12.33,
MSE = 52, 070.44, p < .001, but not for harmonics-to-noise ratio F (1, 424) = 3.30, MSE =
1.08, p = .070, or duration F (1, 424) = 0.06, MSE = 0.00, p = .808 consistent with our
prior analysis; see Table 2. The main effect of talker-type was also significant for normalized
acoustic distance, F (1, 424) = 70.71, MSE = 7, 301.35, p < .001.
We were particularly interested in the word-by-talker-type interaction, as a significant
interaction would suggest that top- versus other-talker variability varied as a function of
the word itself. The word by source interaction was significant for two of our acoustic measures: mean pitch (F (4, 424) = 3.62, MSE = 829.96, p = .006) and median pitch
(F (4, 424) = 3.48, MSE = 913.16, p = .008). The pattern of larger standard deviations
for other-talker tokens relative to top-talker tokens held for all words, but was noticeably weaker for “ball”; see Fig. 3. All other interactions were not significant (max pitch:
F (4, 424) = 2.19, MSE = 1, 488.88, p = .069; duration: F (4, 424) = 1.52, MSE = 0.00,
p = .194; mean pitch slope: F (4, 424) = 0.90, MSE = 52, 070.44, p = .465; harmonicsto-noise ratio: F (4, 424) = 2.06, MSE = 1.08, p = .085; or normalized acoustic distance
F (4, 424) = 1.79, MSE = 7, 301.35, p = .131), see Supplementals for similar graphs for the
remaining acoustic measures. These are exploratory analyses, and, therefore, both significant
and non-significant differences should be considered cautiously.
3.2.2. Predictors of acoustic variability
Our next analysis investigated whether the acoustic measures described above provided
unique information about infants’ naturalistic input, above and beyond other common descriptive measures. Specifically, it is possible that hearing more tokens or hearing more talkers
would correlate with the amount of top- or other-talker variability infants heard, as hearing
more tokens or more talkers may lead to more variability in how those tokens are produced.
Similarly, speech from certain categories of talkers may be more or less likely to contribute to
overall variability. For example, toys or media are likely the only sources that provided highly
consistent instances of words, as they are repeated identically every time. Do children who
heard a larger proportion of these highly frequent words from electronics receive relatively
less variable input overall? On the other hand, talker age and gender may also be related to
the amount of variability infants received. That is, the phonetic properties of child speech
vary from those of female speech and from those of male speech. Further, female talkers may
vary their speech more when talking to infants than male talkers (e.g., Fernald et al., 1989;
Gleason, 1975; though see Benders, StGeorge, & Fletcher, 2021, for analyses suggesting the
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Fig. 3. By word mean pitch SD (left) and median pitch SD (right) for top-talker (red) and other-talkers (blue)
tokens. Each dot is the value for one participant, line corresponds with median value, ends of the boxplot correspond to the first and third quartiles.

magnitude of the difference may be similar). That is, hearing a higher proportion of female
speech, or speech from other children (which is likely higher overall in pitch-related properties), may be correlated with hearing more variability.
To test this possibility, we report two sets of correlations. In the first, we tested the correlation between acoustic variability (both the non-contrastive acoustic measurements and the
holistic acoustic distance) and the number of tokens infants heard within our set of top-talker
tokens. This let us assess whether hearing more tokens lead to more variability in what those
words sounded like from the top-talker. In the second set, we tested the correlations between
the other-talkers acoustic variability and the number of talkers, as well as the number of
tokens (controlling for the number of talkers), and the proportions of electronic, female adult,
and child input (prepubescent, collapsing gender). This let us assess whether any of these
properties of the input influenced the relative variability infants heard from other-talkers.
All correlations can be found in Table 3. Since all the variables were not normally distributed as determined by the Shapiro–Wilks test, we used Kendall correlations. Together,
these correlations suggest that hearing more tokens resulted in hearing more acoustic variability within infants’ top-talker tokens. In contrast, while hearing more talkers resulted in more
acoustic variability for other-talker tokens, the correlations between acoustic variability and
other-talker tokens, after controlling for the number of talkers, did not withstand correction.
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Table 3
Correlation matrix (Kendall’s tau). Column two reports correlations between top-talker acoustic measurements and
top-talker tokens. The remaining columns report correlations between other talker tokens and other-talker token
count (column 3, controlling for number of talkers), talker count (column 4), proportion female tokens (column
5), proportion child tokens (column 6) and proportion of electronic tokens (column 7)
Other-talkers
Measurement
SD Max_pitch(Hz)
SD Mean_pitch(Hz)
SD Median_pitch(Hz)
SD duration(ms)
SD Harmonic_to_Noise(dB)
SD Mean_Pitch_slope(Hz/ms)
Mean acoustic distance
a

Top #Tokens
*

0.11
0.15**
0.17**
0.15**
0.16**
0.19**
0.15**

#Tokens
0
0.02
0.03
0.08
0.1*
0.1*
0.02

#Talkers
**

0.22
0.24**
0.23**
0.16**
0.11*
0.17**
0.07

%Female
−0.02
0.01
0.02
0.05
0.11*
0
0.02

%Child
**

0.33
0.29**
0.28**
0.13*
0.22**
0.36**
0.06

%Electronic
0.15**
0.15**
0.14**
0.05
−0.02
0.08
0.16**

**significant after correcting for multiple comparisons (n = 7, p < .007), *p < .05.

Further, the proportion of input from female or electronic sources seems to be only slightly
related to acoustic variability. In contrast, the proportion of tokens produced by other children was strongly correlated with most of the acoustic measurements, suggesting that hearing
more input from other children increases the acoustic range of possible speech, leading to
more variability.
That said, the modest size of these correlations (no Kendall correlation larger than τ =
0.36, mean τ = 0.12) suggests that acoustic variability was not simply redundant with these
other properties. That is, though tokens, talkers, and proportion of speech from different talker
categories are far easier to quantify than acoustic measurements, the acoustic measurements
characterized word variability above and beyond these other aspects of the input.
3.2.3. Comparison of real-world variability and in-lab variability
Lastly, we compared our measurements of acoustic variability for the top-talker and othertalkers to those reported by Galle et al. (2015) for within- and between-talkers stimuli used
in in-lab studies (respectively). While there were many differences between our corpus-based
analyses and those reported by Galle et al. (2015), we compared the direction of differences to
begin to assess whether variability that had been shown to be useful for early word learning
in the lab was similarly available to infants in the real world. As a reminder, Galle et al.’s
“between-talker” stimuli reflected tokens of / buk/ and /puk/ spoken by 18 different talkers,
half female, from Rost and McMurray (2009); their “within-talker” stimuli reflected tokens
of /buk/ and /puk/ spoken by a single talker trained to maximize variability. Galle et al. (2015)
found significant differences for each of their acoustic measurements; see Table 2. The mean
pitch, max pitch, pitch slope, duration, and harmonics-to-noise ratio measurements on our
corpus tokens could be directly compared to those reported by Galle et al. (2015). Their
within-talker measurements map to our top talker, and their between talker maps to our othertalkers, but for ease of exposition we refer to them as top and other-talkers.
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Overall, we found similar patterns of acoustic variability in our set of 15,610 naturalistic
tokens as those reported for the ∼ 100 tokens used for previous lab stimuli. Namely, we see
parallels in the direction of differences (i.e., whether other-talker or top-talker tokens were
more variably produced). For 4/5 acoustic measurements that were measured for both sets,
the directional differences in our naturalistic tokens matched those from the single pair of
words used in prior in-lab experiments. Namely, mean pitch, max pitch, and mean pitch slope
varied significantly more for other-talkers than for top-talker tokens, and harmonics-to-noise
ratio varied significantly more for top-talker relative to other-talkers tokens (though as noted
above, only mean and max pitch withstand the Bonferroni-corrected p = .007; see Table 2).
Duration did not vary across types of talker variability for our naturalistic stimuli, with the
magnitude of top- and other-talker variability falling between those found for within- and
between-talker stimuli in lab studies. This may be due to the challenges inherent in comparing
SDs of the duration of five words in naturalistic speech versus those of a minimal pair of
items recorded in the lab. At the same time, this pattern may indicate that highly variable
single talker recordings introduce more variability in duration than is likely to occur in the
real world, while single tokens from multiple talkers provide less. (See Supplemental Tables
4 and 5 for a similar pattern of results on a direct (but limited) comparison of a subset of the
corpus items and the same words recorded in the lab.)
Taken together, we found that comparing variability for top-talker and other-talker tokens
from naturalistic input resulted in similar patterns of variability (particularly for the pitchbased measurements) relative to those reported for in-lab stimuli intended to systematically
maximize talker variability.

4. Discussion
In the current study, we sought to quantify the sound-based variability in highly common
nouns in infants’ everyday learning environments, using both a frequency- and an acousticbased approach. Our frequency-based analysis revealed several important descriptive properties of naturalistic input to infants. First, we found that across our 44 infants, five highly
frequent words (baby, ball, book, dog(gy), and water) were heard from an average of five
distinct talkers over the course of ∼ 66 hours over a sparsely sampled year (from 6 to 17
months). Furthermore, we found that the number of talkers infants heard producing these
common words was quite variable, ranging from 1 to 13. At the same time, across the group,
the number of talkers was highly similar for each word (see Table 1). Speculatively, the
number of talkers producing these words is likely similar to other highly frequent aspects
of the input, like closed-class words, though perhaps dissimilar from low-frequency words
that might only be said in a limited range of circumstances or households (e.g., “edamame”
or “forthwith”), though this remains an open question. We also found that while on average
infants heard 71 tokens of each of these words, they heard considerably more input from their
top talker relative to all other talkers in their input, with 64% of tokens being produced by the
child’s top-talker.
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We also took two approaches to quantifying acoustic variability in the tokens of words
infants heard. Both the non-contrastive acoustic measures and the holistic measure of
sound similarity revealed significant differences in the variability of top-talker versus othertalker tokens. The directionality of these differences was often consistent with previous
research using lab-based stimuli (Galle et al., 2015; Rost & McMurray, 2009; see Table 2).
That is, infants in this longitudinal corpus heard more variability in pitch properties (mean,
max, and median pitch) from other talkers, which is intuitive since individual talkers are more
likely to vary in their fundamental frequency. By contrast, infants heard more variability from
their top-talker for variables such as the harmonics-to-noise ratio and the mean normalized
acoustic distance. These differences likely suggest that the child’s top-talker modulates their
voice quality more widely than the other talkers do, as both of these measures capture spectral
properties of the speech sounds (e.g., breathiness).
We also found that while our measurements of acoustic variability were related to other,
more easily measured properties of the input like the number of tokens and talkers infants
heard, and the proportion of tokens from different talker sources, these correlations were
small in magnitude. This suggests that acoustic measurements of naturalistic input provide
novel information about the variability infants receive and must learn to contend with, beyond
simple word or talker counts. That said, these correlational analyses suggest that some aspects
of the input might be manipulable in order to increase acoustic variability (e.g., by increasing
speech from other children), though the extent to which more variability is useful remains to
be determined by future research.
What other kinds of factors might explain the range of acoustic variability in naturalistic
input? We measured tokens of words produced in naturalistic speech to and around infants,
which likely contained both infant-directed speech and adult-directed speech. Infant-directed
speech is characterized by shorter utterances and more positive affect, but also more variability in pitch and pitch contour, compared to adult-directed speech (e.g., Cooper & Aslin,
1994; Fernald & Simon, 1984). It is possible that the proportion of child and adult-directed
speech in the input may (at least partially) explain the amount of acoustic variability infants
hear. Relatedly, talker gender also affects the prevalence of infant-directed speech, based on
results showing that phonetic measurements of infant-directed speech vary between mothers
and fathers (e.g., Fernald et al., 1989; Gleason, 1975) and that male and female talkers provide
different proportions of infant-directed speech relative to adult-directed speech, both in North
American samples (Bergelson et al., 2018) and cross-culturally Bunce et al. (in prep). While
the proportion of speech produced by female talkers was not correlated with most acoustic
measurements in the current analyses, future research could more pointedly examine the proportion of infant-directed speech produced by different talker categories, which is beyond the
scope of the present work.
One important contribution of this work is our finding that the types of acoustic variability
profiles that have been shown to shape word learning in limited and controlled lab stimuli
(Galle et al., 2015; Rost & McMurray, 2009)—particularly those regarding pitch—are similarly present in infants’ daily lives. As the stimuli used in these prior lab studies were recorded
in a sound-proof booth by trained young adults, it could well have been the case that the
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acoustic properties of those stimuli would not vary in similar ways to parents and other caregivers naturally interacting with their infants. At the same time, some of the acoustic measurements revealed less stable patterns across real-world and lab-recorded stimuli, particularly for
the acoustic measurements that likely capture voice quality modulations. Specifically, across
two sets of lab-recorded stimuli (see the Supporting Information) and our real-world input,
normalized acoustic distance, and harmonics-to-noise ratio did not always vary more within
talker than between talker. This suggests that there may be limits to the representativeness
of lab-stimuli, which could be due to factors outside of the speaker’s control (e.g., not actually talking to and/or around an infant), or due to recording parameters (e.g., length of the
recording session or mic placement). Future research will need to directly explore whether
any of these acoustic properties are particularly relevant for word learning, together or
separately.
Broadly, these comparisons are important for understanding how results from lab experiments might translate to the real world: our results suggest generalizability for patterns of
variability of pitch-based measurements from lab stimuli to naturalistic tokens from infants’
daily lives. Further, despite hearing primarily speech from their mothers, our infants experienced more pitch-based variability from their other talkers relative to their top talker. This
suggests that part of the advantage of experiencing multiple talkers may be the opportunity
to learn about the limits of pitch variability across them. The analyses presented here were
the necessary first step for describing this dimension of infants’ everyday input and lay the
groundwork for subsequent work aimed at testing whether talker variability based input properties shape (word) learning in the real world as well as in the lab. Further, this future research
will need to examine whether variability from different sources plays distinct roles in learning,
or whether hearing minimally variable speech is sufficient to support acquisition. That said,
this snapshot of talker variability reflects a fairly homogeneous, U.S. population; the patterns
we report may indeed differ cross-culturally and cross-linguistically. While a recent study in
German builds on existing work in English, showing that talker variability helps infants learn
minimal pairs in the lab (Hohle et al., 2020), this certainly does not mean that talker-based
acoustic variability is similarly available in infants’ daily environments around the world.
In fact, prior research suggests that various voice-quality parameters (i.e., fundamental frequency, harmonics-to-noise ratio) vary as a function of the speaker’s native language (Wagner
& Braun, 2003).
Relatedly, previous work suggests that across communities children hear very different
quantities of language input directed to them (Lieven, 1994). For example, Mayan children (Shneidman & Goldin-Meadow, 2012) and Tsimane infants (Casillas, Brown, & Levinson, 2019) and children (Cristia, Dupoux, Gurven, & Stieglitz, 2019) have been shown to
hear roughly half as many utterances directed to them compared to U.S. children (Shneidman & Goldin-Meadow, 2012). The prevalence of child-directed speech also varies crosslinguistically for urban compared to rural or indigenous samples and by age (e.g., Casillas
et al., 2019). While our results revealed that token counts and acoustic measurements showed
modest but robust correlations, this may be due at least in part to the relatively high numbers of tokens infants heard on average, both from other-talkers (mean = 23) and from their
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top-talker (mean = 48). It is not yet clear how this link between acoustic variability and
token count would play out in a context where infants heard many fewer words in general;
in principle, this could lead to either lower or higher levels of acoustic variability. To fully
understand the robustness of patterns of talker variability and its role in learning much more
cross-cultural and cross-linguistic work is needed (Bunce et al., under review in prep; e.g.,
Cychosz et al., 2021; Frank et al., 2017).
It is worth noting that the acoustic measurements used here are not lexically contrastive
(i.e. phonemic) in English: talkers do not vary these properties to convey differences in word
meaning. For instance, changes in pitch do not (in English) change the meaning of a word,
as the word /baby/ produced at 200 Hz and at 500 Hz are still instances of the word baby.
In fact, the measurements we used were selected deliberately by Galle et al. (2015) (and by
us) to capture variability in the speech signal that should not be relevant for distinguishing
words. Other acoustic measurements that are phonemic in English, like voice onset time,
have also been shown to vary within and across talkers, for controlled and naturalistic speech
(Chodroff & Wilson, 2017). As noted above, VOT variability has been shown not to facilitate
novel word learning in the same minimal pair task where talker variability facilitates it (Rost
& McMurray, 2010). While measuring voice onset time is beyond the scope of the present
analysis, it remains an interesting open question whether this type of contrastive measurement
would exhibit differential levels of variability for tokens from the top- or other-talkers, or
whether its systematic use to differentiate meaning (e.g., pin vs. bin) would result in more
similar variability across these talker-types.
Lastly, beyond thinking about how variability may vary cross-culturally and crosslinguistically, how acoustic variability patterns in multidialectal and multilingual environments is another important question for future research. For example, accented speech could
further increase the acoustic variability infants hear but may also intersect with contrastive
dimensions of the input. While previous research suggests that infants exposed to multiple
accents in their daily lives perform differently on word-recognition tasks relative to agematched peers who only have experience with a single accent (van Heugten & Johnson, 2017),
this could be a result of having to sort out when the acoustic variability signals invariance, and
when it signals a contrastive dimension of the input that they should attend to. This problem is
further highlighted in multilingual language acquisition. How acoustic variability stemming
from talker differences interacts with structural variability from different languages remains
to be explored, and likely varies for any individual infant. The range of variability within and
across languages could vary widely based on how many speakers of each language a child
is exposed to (e.g., infants may not receive much “other-talker” variability for a minority
language).
Taken together, our frequency-based and acoustic analyses have highlighted wide-ranging
and independent sources of variability in the word tokens in infants’ environments, even
within our relatively homogeneous longitudinal sample of infants. Despite this variability,
similar types of acoustic properties that have been shown to shape infant word learning in the
lab are also present in naturalistic settings, setting the stage for investigating whether and how
talker variability shapes word learning in the real world.
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Notes
1 Both twins were included as they do not receive identical input, for example, have different nap times and “high-talk” portions of their days (see details on annotation procedure
below).
2 This choice was made in consultation with the original works’ lead author (McMurray,
personal communication). This occurred on February 10, 2020.
3 Conducting the analyses with the slope constraints revealed the same pattern of results
reported below, but with a less representative sample of tokens.
4 All families produced both dog and doggy. For the non-contrastive acoustic measurements, means, ranges, and SDs were calculated from dog and doggy values pooled
together. For the holistic measurement of sound similarity, we compared all tokens of
dog to other tokens of dog, and all tokens of doggy to other tokens of doggy, then averaged these together to get a single value for dog(gy).
5 See the Supporting Information for analyses on a subset of data looking at these patterns
across age.
6 For thoroughness, we provide means and ranges for each measurement by talker-type,
see Supplemental Table 1.
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