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Abstract

How listeners adapt to unfamiliar talkers and accents is a cen-
tral question in psycholinguistics. In this study, we explored
how listeners dynamically shift mappings from acoustic in-
formation to mental representations after hearing a new talker
via novel eye-tracking methods. We tested a prediction from
Adaptive Resonance Theory (ART) that an anomaly in the sig-
nal (in this case, a change in talker) increases the influence
of bottom-up relative to top-down information, creating an
environment where sublexical competitors (e.g. Arch within
Archer) would be more likely interfere with lexical access for
the target. In two experiments (Exp. 1: General American En-
glish [GA] talkers; Exp. 2: GA and Spanish-accented [SP]
talkers), this prediction was supported via analyses of accu-
racy, latency, and gaze. In Exp. 2, we found that the effect
replicated but did not differ based on the accent of the talker.
The data suggest new paths forward in speech adaptation re-
search.

Keywords: psycholinguistics; speech perception; talker adap-
tation; language comprehension; phonetics; eye-tracking

Introduction
For the last half century, one of the most important ques-
tions in speech perception research has been: How are we
able to understand speech without invariant acoustic cues
that uniquely identify speech sounds (e.g., Liberman, Cooper,
Shankweiler, & Studdert-Kennedy, 1967)? A highly produc-
tive thread of research has explored how even the same phys-
ical acoustic characteristics (VOT, center of gravity, formant
ratios, etc.) can be interpreted differently based on context,
talker, and experience (Kraljic & Samuel, 2006; Norris, Mc-
Queen, & Cutler, 2003; Xie, Jaeger, & Kurumada, 2023).
This line of work has illuminated how category boundaries
shift after exposure to informative exemplars, but we still
know relatively little about the underlying cognitive dynamics
of rapid adaptation to novel talkers, which we tend to experi-
ence outside the lab as a nearly instantaneous process without
any lengthy exposure phase.

To explore these dynamics, we turn to the unified the-
ory of mind Adaptive Resonance Theory (ART, Grossberg,
2013, 2021). ART makes explicit predictions about how cat-
egories are activated and updated in real time during percep-
tion and cognition. In this theory, recognition is achieved
when input patterns (bottom-up) and category-level men-
tal states adaptively tuned through prior experience (top-
down) are sufficiently matched to form neural resonance,
leading to a conscious percept. Crucially, this approach is

able to achieve stable percepts without a need for context-
independent representations at any particular linguistic level,
such as phonemes, words, or allophones (Grossberg, Board-
man, & Cohen, 1997). In recent decades, this model has been
applied to speech perception and language understanding in
part to overcome problems inherent to approaches that posit
a perceptual substrate of discrete linguistic units (Goldinger
& Azuma, 2003; Samuel, 2020).

One property of the ART architecture is that during con-
scious perception, coarser categories mask finer-grained cat-
egories (Kazerounian & Grossberg, 2014). For example,
someone who has successfully understood a sentence may
not be consciously aware of the words that compose it or the
speech sounds that compose those words (at least not without
attention explicitly directed towards those features). How-
ever, when no immediately available category node provides
a sufficient match to the bottom-up input pattern to produce a
resonant state, a category search is triggered. In this case, a
wider net is cast to either find a better matching but less ac-
tive category, or a new category is formed (Grossberg, 2021).
When a category search is underway, this masking effect may
be dampened, making finer-grained patterns in the input more
consciously perceptible than they would otherwise be.

A testable hypothesis falls out of this architecture which
may inform our understanding of how listeners are able to
dynamically adapt to novel talkers by remapping acoustic
patterns to mental categories. Specifically, when a listener
hears a new voice or accent, the mismatch between top-down
and bottom-up information may trigger a category search, re-
ducing the masking effect, and leading to greater interference
from bottom-up, sublexical information. In the present study,
we tested this hypothesis by inducing a category search and
measuring sublexical interference using eye-tracking in the
visual world paradigm (Tanenhaus, Spivey-Knowlton, Eber-
hard, & Sedivy, 1995). Critical stimulus sentences contained
multisyllabic target nouns which in turn contained separate,
semantically unrelated monosyllabic nouns (e.g., [ARCH]er;
bi[KEY]ni). 1 After being habituated to the voice of a pri-
mary talker (anchor talker), some critical trials included a
voice switch, where the voice of an unfamiliar talker (intru-

1This approach is related but not identical to other traditions in
psycholinguistics exploring phonological competition effects in on-
line processing (e.g., Allopenna, Magnuson, & Tanenhaus, 1998;
Gaskell & Marslen-Wilson, 1997).
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sive talker) was spliced into the sentence at the onset of target.
We hypothesized that when a listener’s top-down expec-

tations were violated in this way, a category search would
be triggered, reducing the masking effect, and leading to in-
creased interference from sublexical patterns in the speech
signal. We predicted that this effect would be amplified by
the visual presence of the sublexical competitor (e.g., Arch for
Archer). We also predicted that this pattern would be ampli-
fied as the phonetic distance between the anchor talker and the
intrusive talker increased, for example when one of these talk-
ers spoke foreign-accented English. To test these hypotheses,
we conducted two experiments using different talkers. In the
first experiment, all talkers were General American English
speakers (GA), and in the second experiment, we introduced
L2 Spanish-accented English speakers (SP).

Experiment 1
Methods
Participants Data were collected from 148 participants
(Gender: Female, N = 68; Male, N = 77; Non-binary, N = 3;
Age: mean = 37.43, sd = 11.76) who were recruited via Pro-
lific.co and compensated $7.00 for their time (mean dura-
tion = 28 m). Participants were pre-screened based on re-
sponses to Prolific’s questionnaire: They identified as Amer-
ican and listed United States as their current country of res-
idence, listed English as a first language, reported having no
language disorders or hearing difficulties, reported either not
needing vision correction or using contact lenses, and had
an approval rate of 99-100%. Results were removed from
analysis for participants with accuracy rates of less than 90%
(pre-exclusion mean accuracy rate = 95.16%). This led to the
exclusion of 9 participants. Some participants were also di-
rected away from the study after completing the calibration
phase and provided with partial compensation. This was the
case when either the sample rate was recorded as being be-
low 5 Hz or the validation accuracy was below 65%. The
mean validation accuracy on trials included for analysis was
88.19%.

Stimuli Auditory stimuli consisted of spoken sentences
where the last word was an imageable noun. There were 100
sentences, including 84 fillers and 16 critical sentences. Filler
sentences were selected from the Revised Speech Perception
In Noise (R-SPIN) sentence list (Bilger, 1984). Of those, half
were semantically predictable (e.g., His pants were held up by
a belt.) and half were unpredictable (e.g., I’m glad you heard
about the plant.). Critical sentences were constructed to re-
semble unpredictable sentences from the R-SPIN list. Cru-
cially, the final noun in critical trials was di- or trisyllabic
and contained a separate, semantically unrelated, imageable,
monosyllabic word. For example, targets Archer and Bikini
contain competitors Arch and Key, respectively. The competi-
tor always occurred in the penultimate syllable of the target
and always received primary stress.

Stimuli were recorded by 5 talkers, all of whom were
speakers of General American English (GA). One female

talker was designated the Anchor talker. The other four were
designated Intrusive talkers (2 female, 2 male). The Anchor
talker read all 100 stimulus items, and the Intrusive talkers
read only the critical sentences. Each talker read through
three randomized lists of the sentences. Audio was captured
in a sound-attenuated booth through an Electro-Voice RE320
dynamic microphone at a sample rate of 48 kHz. Audio was
normalized to the same mean intensity. Critical stimuli were
created by marking the onset of the target word in each au-
dio file, removing the anchor talker’s production of the target
word, and splicing in the intrusive talker’s production. For
the control trials, where the whole sentence was produced
by the Anchor talker, a separate production of the target was
spliced in to ensure that effects were the result of the voice
swap rather than a simple stream anomaly. All audio manip-
ulation was conducted in Praat (Boersma & Weenink, 2024).

Image stimuli were taken from the MultiPic database
(Duñabeitia et al., 2022). Several nouns which were not avail-
able in the database were rendered by a local artist who recre-
ated the simple visual style of the originals. Supplemented
images were normed to ensure that they conjured the intended
word labels and that they were not visually distinguishable
from the MultiPic images.
Design & Procedure Each participant completed four ex-
perimental blocks, each consisting of 25 trials. Of these 25
trials, four were critical, with two including an intrusive talker
and two being produced only by the anchor talker. Each in-
trusive talker was heard two times throughout the whole ex-
periment. Critical trials were relatively sparse among fillers
because the design was contingent on participants being sur-
prised by the intrusive voice. Thus, more critical trials may
have led to quicker habituation to the manipulation. Among
critical trials, half of the image sets included a competitor
(e.g., Arch for Archer), and half did not. All image sets con-
tained either two or three semantically and phonologically
unrelated distractors so that the full set contained four im-
ages. The four types of critical trial are displayed in Fig. 1.

Participants completed the experiment remotely via their
own web browsers. The experiment procedure was coded in
JavaScript using the jsPsych library and the WebGazer eye-
tracking plugin (De Leeuw, Gilbert, & Luchterhandt, 2023;
Papoutsaki et al., 2016). After providing consent, they pro-
ceeded to a calibration and validation stage. Participants who
did not pass this stage were directed back to Prolific and com-
pensated for their time. Participants who did pass read in-
structions for the main experiment and then proceeded to the
first block. In each trial, participants saw a visual world with a
fixation cross at the center and four images across four quad-
rants of the screen. Targets (and competitors when present)
were placed randomly in one of the four quadrants on each
trial. The visual world was displayed for 2500 ms before the
sentence began playing. Participants were instructed to look
at the image that represented the last word in the sentence and
click on it. After a selection was made, there was a 500 ms
ITI and then the next set of images appeared automatically.
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Figure 1: Four different critical trial types, where the voice of
the anchor talker is represented by blue text and the voice of
the intrusive talker is represented by red text. In all cases, the
Archer is the target (top-left quadrant). In trials where a com-
petitor is present, the Arch is the competitor (top-right quad-
rant). Distractors are displayed at a lower opacity here only
for demonstrative purposes. Positions of targets and competi-
tors were randomized.

After each block, participants completed a recalibration
phase to ensure that the eye-tracker was still measuring gaze
accurately. Afterward, participants continued to the next
block. After the final block, participants completed a brief
demographic questionnaire and then were directed back to
Prolific.
Analysis Mixed-effects models of accuracy and latency
were fitted in R using the lme4 package (Bates, Mächler,
Bolker, & Walker, 2015) with p-values attained via Sat-
terthwaite’s method using the lmerTest package (Kuznetsova,
Brockhoff, & Christensen, 2017). Random-effects struc-
tures were determined following Matuschek, Kliegl, Va-
sishth, Baayen, and Bates (2017). Accuracy was analyzed
with a generalized binomial model, where correct responses
were coded as 1 and incorrect responses were coded as 0. The
model included two sum-coded binary categorical predictors
and their interaction: Talker (Anchor vs. Intrusive) and Com-
petitorCondition (Competitor vs. NoCompetitor).

RTs were analyzed only on correct responses and were re-
moved from analysis if they were more than 2.5 SDs from the
mean, leading to data loss of 2.46%. The model of latency
was fitted to natural-log-transformed response time measured
in ms from the onset of the target noun (logRT). LogRT was
analyzed only for correct responses. The model of logRT in-
cluded the same categorical predictors as the model of accu-

racy, but also included a control for the duration of the target
(rescaled 0-1 and mean-centered).

In the analysis of gaze, a participant was considered to be
looking at a given area of interest (AOI) if their gaze was
measured as falling within the boundaries of a particular im-
age, and coded as background if their gaze did not fall within
the boundaries of any image. Looks to AOIs were converted
to empirical logits (Barr, 2008) and modeled with a gener-
alized additive mixed model (GAMM) using the mgcv and
itsadug packages in R (Van Rij, Wieling, & Baayen, 2015;
Wood, 2000). The model used looks-to-target in empiri-
cal logits as the dependent variable and each combination of
Talker and CompetitorCondition as an independent variable
(i.e., AnchorComp, AnchorNoComp, IntrusiveComp, and In-
trusiveNoComp. The model included a smooth term for con-
dition by time in ms with target onset coded as 0, as well as
tensor smooths for trial number and target duration. Random
intercepts were included for participants and random smooths
for participants by time. The model included an autocorrela-
tion parameter, estimated from a simpler model of the data.

In the GAMM modeling framework, the parametric coef-
ficients indicate whether there were more looks to the target
overall within a given condition. Our reporting focuses on
the smooth terms, which show how these differences evolve
over time. A significant smooth indicates that the time-course
of gaze reliably departs from a flat trajectory. The most im-
portant significance tests come from a direct comparison of
smooths for individual conditions. We report here the time
windows where binary pairs of smooths differed from one
another significantly. Time windows where smooths differed
significantly were evaluated directly from the fitted GAMM.
These are regions where the 95% confidence band surround-
ing the difference between two smooths did not include 0. In
the difference plots (Fig. 3, right; Fig. 5, right; Fig. 6), these
windows are marked with red bands on the x-axis.

Results
Accuracy & Latency Participants were highly accurate in
selecting the correct image across conditions, suggesting that
they were generally able to parse stimulus sentences correctly
even in the presence of an intrusive talker. However, partic-
ipants were more accurate when the anchor talker produced
the whole sentence than when an intrusive talker produced the
target noun (β = 0.29,SE = 0.14,z = 2.02, p < 0.05; Fig. 2,
left). Participants were also faster to answer correctly when
targets were produced by anchor talkers than when they were
produced by intrusive talkers (β =−0.020,SE = 0.0049, t =
−4.041, p < 0.001; Fig. 2, right).

Participants were also more accurate when no competitor
was present in the visual world than when a competitor was
present (β = 0.30,SE = 0.14,z = 2.01, p < 0.05). However,
correct responses were only marginally faster when no com-
petitor was present than when it was (p = 0.07). Taken to-
gether, these patterns indicate that performance was substan-
tially inhibited both by the presence of an intrusive talker and
by the presence of a sublexical competitor. However, the lack
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Figure 2: Left: Proportion correct responses in Experiment 1
with different conditions on the x-axis (each combination of
Anchor talker/Intrusive talker and Competitor/No competi-
tor). Dots represent means and error bars reflect 95% CIs
calculated on raw data. Right: Raw response times measured
in ms for correct responses. Means and errors were calculated
on raw data.

of an interaction between these factors indicates that there is
no compounded influence for accuracy or processing speed.

Gaze Output of the GAMM analysis of gaze is shown in
Fig. 3. All four smooth terms for condition were signifi-
cant, including for AnchorComp (ed f = 6.59,F = 9.28, p <
0.001), AnchorNoComp (ed f = 7.20,F = 9.07, p < 0.001),
IntrusiveComp (ed f = 7.22,F = 11.6, p < 0.001), Intru-
siveNoComp (ed f = 6.20,F = 6.11, p < 0.001). The para-
metric term was significant only for IntrusiveComp, suggest-
ing that there were fewer overall looks to the target than av-
erage when the target was produced by the intrusive talker
and the competitor was present (β =−0.081,SE = 0.036, t =
−2.28, p < 0.05).

In the direct comparison of trials where a competitor was
present, there were more looks to the target when the word
was produced by the anchor talker than when it was produced
by the intrusive talker from approximately 500–1050 ms after
the target onset (Fig. 3, top). This suggests that the competitor
was more influential when there was than when there was not
a voice switch and supports the hypothesis. A related find-
ing was observed in the comparison of trials where the target
was produced by the intrusive talker. Participants were more
likely to look at the target from 475–775 ms after the target
onset if no competitor was present than if the competitor was
present (Fig. 3, middle). Interestingly, there was no equiva-
lent effect in the comparison of gaze on trials where the target
was produced by the anchor talker with and without competi-
tors. These findings supports our hypothesis in showing that
a voice switch was more influential in the presence of a com-
petitor than when no competitor was present.

The comparison of trajectories for anchor and intrusive tri-
als with no competitor also revealed a notable pattern. From
1350–2300 ms after target onset, there were more looks to
the target in the intrusive than in the anchor condition (Fig. 3,

Figure 3: Left: For Exp. 1, looks to target measured in em-
pirical logits (Elog), separated by trial type. Dark blue: An-
chor talker, competitor present; Dark red: Intrusive talker,
competitor present; Light blue: Anchor talker, no competitor
present; Light red: Intrusive talker; no competitor present. On
the x-axis, 0 reflects the onset of the target word. Right: Dif-
ferences between each pair of curves shown on the left. Re-
gions between dotted lines and marked with red on the x-axis
reflect significant divergence between the two trajectories.

bottom). This pattern may reflect a sustained activation of the
target after the category search that is induced by the presence
of the intrusive talker. Meanwhile the target activation decays
more quickly in the presence of the anchor talker, given that
the process of lexical retrieval was relatively unremarkable
and less effortful. In other words, this difference may repre-
sent listeners retracing the acoustic signal in working memory
after an anomalous production.

Experiment 2

In Exp. 2, we asked how the effects observed in Exp. 1
would be influenced when phonological patterns differ more
strongly between anchor and intrusive talkers. To test this,
we conducted an experiment following largely the same de-
sign as Exp. 1 but with the addition of new Spanish-accented
L2 talkers (SP).
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Figure 4: Top left: Accuracy on trials in Exp. 2 where a GA
taker was the anchor talker. Top right: RT on trials where
a GA talker was the anchor talker. Bottom left: Accuracy on
trials in Exp. 2 where a SP taker was the anchor talker. Bottom
right: RT on trials where a SP talker was the anchor talker.

Methods

Participants Data were collected from 92 participants on
Prolific using the same pre-screening filters as in Exp. 1 (Gen-
der: Female, N = 48; Male, N = 43; Non-binary, N = 1; Age:
mean = 37.42, sd = 10.87). Participants were again excluded
if their accuracy rates were under 90%, leading to the exclu-
sion of 5 participants.
Stimuli Exp. 2 used the same stimulus sentences as Exp. 1.
Three new talkers were recorded. One of these was an ad-
ditional female GA talker. Two others were female talkers
whose native language was Puerto Rican Spanish but who
lived in a predominantly English-speaking environment in the
mainland United States at the time of recording and spoke flu-
ent Spanish-accented English. These recording sessions fol-
lowed the same procedure as in Exp. 1 and recordings were
processed in the same way. Image stimuli were the same as
in Exp. 1.
Design & Procedure The design and procedure of Exp. 2
were identical to Exp. 1 except that each participant was
placed in a between-subjects Accent condition, reflecting the
accent of the Anchor talker. In the GA condition (N = 43),
one of the two GA talkers was randomly selected as the an-
chor talker, and the two SP talkers acted as intrusive talkers.
In the SP condition (N = 44), one of the two SP talkers was
randomly selected as the anchor talker, and the two GA talk-
ers acted as the intrusive talkers. The design and procedure
were otherwise identical to Exp. 1.

Figure 5: Left: For Exp. 2, looks to target measured in empiri-
cal logits (Elog), separated by trial type and pooled across ac-
cent. Right: Differences between each pair of curves shown
on the left. Regions between dotted lines and marked with
red on the x-axis reflect significant divergence between the
two trajectories.

Analysis The analysis of accuracy and latency data were
the same as in Exp. 1 except that both models contained an
additional sum-coded, binary, categorical predictor: Accent
(GA vs. SP), reflecting the accent of the anchor talker. For the
analysis of RT, observations lying 2.5 SDs beyond the mean
were again removed, leading to data loss of 2.35%. Gaze
data was again analyzed using with a GAMM. Model spec-
ifications were the same as Exp. 1 with the addition of the
Accent variable (GA vs. SP).

Results
Accuracy and Latency In Exp. 2, participants were not
more accurate responding to targets produced by the an-
chor talker than by the intrusive talker (p > 0.1), although
they were faster to do so (β = −0.016,SE = 0.0057, t =
−2.83, p < 0.01). Participants were more accurate in se-
lecting the target when there was no competitor than when
there was a competitor (β = 0.57,SE = 0.22,z = 2.61, p <
0.01), and were faster as well (β =−0.012,SE = 0.0057, t =
−2.10, p < 0.05). There was no effect of accent for either
accuracy or latency.

Gaze Seven of the eight smooth terms for condi-
tion were significant, including for AnchorNoCompGA
(ed f = 5.54,F = 8.53, p < 0.001), IntrusiveNoCompGA
(ed f = 5.71,F = 6.83, p < 0.001), AnchorCompGA (ed f =
6.52,F = 3.38, p < 0.001), IntrusiveCompGA (ed f =
6.04,F = 5.34, p < 0.001), IntrusiveNoCompSP (ed f =
6.15,F = 8.50, p< 0.001), AnchorCompSP (ed f = 6.84,F =
8.02, p < 0.001), IntrusiveCompSP (ed f = 5.87,F =

5347



Figure 6: For Exp. 2, difference curves between each Accent
condition, within each combination of Talker and Competitor
conditions. The Accent of the anchor talker did not lead to
significant differences in looks to the target in any of these
conditions.

6.93, p < 0.001). The effect of AnchorNoCompSP was
marginal (ed f = 4.94,F = 2.00, p = 0.056).

For brevity, we only discuss several of the most important
patterns in the trajectories here. With both Accent conditions
pooled, there were more looks to the target when a competi-
tor was present on trials produced by the anchor talker than
on those with an intrusive talker from 1050–1550 ms after
the target onset (Fig. 5, top). This replicates one of the cen-
tral findings from Exp. 1. Comparing trials with an intrusive
talker, with and without a competitor, there were more looks
to the target when no competitor was present than when the
competitor was present from 600 ms to 2500 ms (Fig. 5, bot-
tom).2 This again indicates that the voice switch had a larger
impact on lexical retrieval in the presence of a competitor.

We also analyzed gaze by Accent, but did not find dif-
ferences based on the accent of the anchor/intrusive talker.
There were not significant differences between trajectories
when the anchor talker was GA or SP (all p > 0.05). That
indicates that while the central effects held in Exp. 2, partic-
ipants behaved no differently as a result of the accents of the
anchor and intrusive talkers. Comparisons of gaze trajectories
acrossAccent conditions are shown in Fig. 6.

Discussion
In this study, we explored the hypotheses that when a lis-
tener’s top-down expectations were violated via an unex-
pected voice switch, a category search would be triggered,
reducing masking, and leading to increased interference from

2Note that in both analyses visualized in Fig. 5, some signifi-
cant effects precede the target onset. This is an artifact of relatively
sparse data toward the beginning of the analysis window, which ap-
proximates the mean sentence onset time (−1,062 ms).

sublexical patterns in the speech signal. We predicted that this
effect would be amplified by the visual presence of the sub-
lexical competitor and that it would be further amplified when
anchor and intrusive talkers spoke with different accents.

In Exp. 1, where all talkers spoke GA English, we found
that participants were less accurate and slower to respond cor-
rectly for intrusive talkers than anchor talkers and less ac-
curate when competitors were present than when they were
not. We also found that intrusive talkers and visual competi-
tors significantly altered trajectories of looks to targets, with
fewer looks to the target in a critical window beginning ap-
proximately 500 ms after target onset, both 1) for intrusive
relative to anchor sentences when a competitor was present,
and 2) when a competitor was present than when it was not
for targets produced by an intrusive talker.

The results for Exp. 2, where talkers spoke either GA or
SP English, results were somewhat less clear. In our anal-
ysis of accuracy and latency, there were no effects of ac-
cent, and participants were faster but not more accurate in re-
sponding to targets produced by anchor than intrusive talkers.
They were both faster and more accurate when no competitor
was present in the visual world than when a competitor was
present. In the gaze data, the most important patterns from
Exp. 1 were replicated, including more looks to the target for
anchor than intrusive trials when a competitor was present,
and more looks to the target when no competitor was present
than when it was on intrusive trials. We did not find signifi-
cant differences between the accent conditions.

In sum, these results constitute support for our first hypoth-
esis but not our second hypothesis. The most central predic-
tion, that a voice switch would lead to increased interference
from sublexical information, was supported in both experi-
ments. However, we also predicted that these effects would
be amplified when anchor and intrusive talkers spoke with
different accents. While the central effects from Exp. 1 were
replicated in Exp. 2, we did not find an influence of the talk-
ers’ accents or the direction of the voice switch on the results.

Perhaps most importantly, this study provides proof of con-
cept for a new approach in studying the rapid and dynamic
adaptation that allows listeners to understand an astounding
range of talkers with little apparent effort. It also provides
support for ART as a promising framework for future re-
search, as it makes testable predictions about human cog-
nitive behaviors. The present study had several limitations,
mostly due to the large amount of noise inherent in remotely
collected eye-tracking data. However, it has also made sev-
eral avenues for future research clear, including testing sim-
ilar questions in a more controlled laboratory environment,
manipulating the phonological relationship between anchor
and intrusive talkers more explicitly, exploring how social dy-
namics such as gender influence interference, testing how the
effect surfaces when the accent but not the talker changes (e.g.
by using stimuli from bidialectal talkers), and manipulating
structural properties of targets, such as syllable structure and
stress patterns.
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