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Abstract 
Children typically do not spontaneously recognize accented 
productions of known words until approximately 19 months. In 
15-month-olds, however, this ability is correlated with 
vocabulary size. Vocabulary size may support cross-accent 
accommodation by decreasing the likelihood that a variant 
production is considered to be an unknown word. We simulated 
a cross-accent word identification experiment, with word 
tokens generated from a two-dimensional Gaussian space, and 
accented productions simulated via linear transforms. 
Simulated participants were Bayesian classifiers with large or 
small vocabularies. Our large vocabulary group accurately 
classified more accented tokens and were less likely to classify 
an accented token as an unknown word. Thus, one way a 
growing vocabulary size may foster cross-accent 
accommodation is through increasing infants’ propensity to fit 
accented variants to known words, rather than treating them as 
unknown words.  
Keywords: cross-accent perception; word identification; 
vocabulary size; computational modelling 

Introduction 
A core component of spoken word recognition is the 
recognition of speech in the face of inherent natural variation 
that occurs at several levels. The same utterance spoken by 
the same person will contain phonetic variation, with no 
single production being identical to any before it (e.g., 
Newman et al., 2001). As well, differences in vocal tract 
anatomy lead to substantial phonetic variation between 
speakers. These differences are compounded when speakers 
of the same language speak with different accents, which 
contain additional systematic phonetic differences that the 
listener must resolve. 

In children, the ability to spontaneously resolve variation 
in speech takes time to develop (see Mulak & Best, 2013, for 
a review). When familiarized to an auditory word, it is not 
until 10.5 months that children can recognize that word when 
produced by the same person but in a different affect (happy 
vs. neutral; Singh et al., 2004), or when produced by a 
different person (Houston & Jusczyk, 2000). While there is 
evidence children can adapt to cross-accent variation by 15 
months, demonstrating cross-accent word recognition (van 
Heugten & Johnson, 2014) or identification (Paquette-Smith 
et al., 2021) after exposure to the unfamiliar accent, it is not 
until approximately 18-19 months that children are able to 
spontaneously perceive accented productions of familiar, 
known words as labels of those words (Best et al., 2009; 
Kalashnikova et al., 2019; Mulak et al., 2013; van Heugten et 

al., 2018). In a looking-while-listening word identification 
task in which children must not only recognize a familiar 
word form, but also identify its associated referent, 15- and 
19-month-old monolingual Australian English (AusE)-
learning infants were presented with trials in which images of 
two familiar objects were shown on a monitor (e.g., a baby 
and a ball). The infants heard the label for one of the items in 
a carrier sentence in which they were asked to look at the item 
(e.g., “Can you see the ball?”). The recording was produced 
by a native speaker either of the infants’ native AusE, or in a 
Jamaican Mesolect English (JaME) accent unfamiliar to all 
participants. When the speech was produced in the native 
accent, both 15- and 19-month-olds looked at the named 
image more than the unnamed image. However, when the 
speech was produced in the unfamiliar accent, only 19-
month-olds still looked more to the named items, with 15-
month-olds showing no preference between the images, 
suggesting they were not able to comprehend the accented 
speech (Mulak et al., 2013). 

What drives this developmental shift is unknown. The 
emergence of cross-accent speech perception—specifically 
cross-accent word identification in this case—may follow 
from maturation of general cognitive abilities, or the 
development of language-based skills that support 
accommodation of unfamiliar variation (although these two 
realms are of course interconnected). Notably, Mulak and 
colleagues (2013) found a positive correlation between 15-
month-olds’ expressive vocabulary size and the proportion of 
time they fixated on the named image in the Jamaican-
accented version of the task, suggesting a developmental link 
between vocabulary size and cross-accent word 
identification. 

Others have also found a relationship between infants’ 
vocabulary size and their ability to spontaneously 
accommodate an unfamiliar accent. When split into a high or 
low vocabulary group, 17-month-old AusE-learning infants 
were better at recognizing JaME-accented familiar words 
compared to the low vocabulary group (Best et al., 2010). 
And vocabulary size, rather than age, better accounted for 
Canadian English-learning 20- to 25-month-olds’ ability to 
identify familiar words in an unfamiliar AusE accent (van 
Heugten et al., 2015). In the native accent as well, vocabulary 
size has been tied to lexical processing ability (see Lany et 
al., 2018, for a review). 

This points to a role of vocabulary in supporting the ability 
to handle unfamiliar variation in speech, but what is the 
mechanism of that support? If cross-accent speech perception 
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is driven by general cognitive maturation, then the same 
growth could also drive vocabulary expansion without a 
direct link between the two. Another possibility is that cross-
accent word identification is driven by overall language 
exposure via the accumulation of exposure to variation that 
might enable infants to become better skilled at handling even 
novel variation (see Best, 2015). In this case, vocabulary size 
may serve as a proxy for this increased experience, providing 
another indirect link. 

But it is possible too that increasing vocabulary size has a 
direct role in enabling cross-accent word recognition. In 
adults, accommodation of accented pronunciations is thought 
to arise through fitting unfamiliar productions to known 
words in the lexicon and making systematic perceptual 
adjustments in the process (lexically guided adaptation; 
Norris et al., 2003; see also Kleinschmidt & Jaeger, 2015). 
Knowing more words naturally gives the listener more 
candidate words to fit accented productions to, but 
considering the pattern of results found by Mulak et al. (2013) 
and others (e.g., Best et al., 2009; van Heugten et al., 2018), 
if both 15- and 19-month-olds demonstrate identification of 
words in their native accent, why is it that only the 19-month-
olds are seemingly able to fit accented productions to known 
words, and why is this ability tied to vocabulary size at 15 
months? 

While there are likely several factors contributing to this 
ability, here we propose one specific way in which the size of 
a child’s vocabulary may impact their ability to fit unfamiliar 
productions to known words in cross-accent word 
identification. In the looking-while-listening task, which is 
typically used to measure children’s cross-accent word 
identification (versus recognition), infants typically hear one 
word in each trial while viewing two candidate referent 
images on a screen: the named (or target) image, and an 
unnamed distractor. If infants with small vocabularies 
hypothesize that an accented word refers to neither the target 
nor distractor referent, but to an unknown, to-be-learned 
word, then as vocabulary size increases, the likelihood that 
an unknown word has been encountered decreases. 
Therefore, the likelihood that the word refers to one of the 
images in the infants’ vocabulary increases. In this way, a 
growing vocabulary would support infants’ ability to fit 
variant, unfamiliar productions to existing words in their 
vocabulary.  

To test the feasibility of such a proposal, we developed a 
Bayesian inference model of a cross-accent word 
identification experiment representative of the behavioral 
looking-while-listening word identification task used by 
Mulak et al. (2013). Bayesian inference models have been 
successfully applied to other areas of lexical processing, for 
instance in word learning (Xu & Tenenbaum, 2007) and 
lexical decision of written words (Norris, 2006).  

Simulation of the Cross-accent Word 
Identification Experiment 

Model Assumptions 

Modeling was performed in R (version 3.5.1; R Core Team, 
2019). The aim was to model the role of infant vocabulary 
size on word identification in an unfamiliar accent, 
specifically as a reconstruction of the experiment in Mulak et 
al. (2013). We began with a model with very simplified 
representations that made minimal assumptions. This 
includes omission of an underlying phonemic structure both 
in the input and in the recognition process of the listener, 
adoption of an all-or-nothing recognition process (excluding 
the possibility of degrees of word-knowledge), and without 
incorporating existing knowledge of word frequency 
distribution in the listener. Each of these are believed to be 
important in the development of infant word learning, but are 
not incorporated in this preliminary work. 

Initialization of the Lexicon 
Canonical word forms were represented as points in a 

continuous two-dimensional space, each with an associated 
covariance matrix, with canonical values for each word 
ranging from 0-100 in both dimensions. We chose a lexicon 
of 2,742 words, which is the estimated productive vocabulary 
size (Mayor & Plunkett, 2011, table A1) of a child who is 
reported to produce all 675 of the items in the Words and 
Sentences section of the MacArthur-Bates Communicative 
Development Inventory (CDI; Fenson et al., 2007), a 
commonly used parental-report measure of children’s 
vocabulary size. This serves as a reasonable estimate of a 
lexicon size that children at this age are exposed to with 
reasonable frequency (and is distinct from a full adult lexicon 
of around 50,000 words, the bulk of which toddlers would be 
exposed to at miniscule frequencies).  

While the CDI also measures receptive vocabulary, and 
word identification is a receptive skill, we chose to base our 
model on productive vocabulary since the relationship 
between cross-accent word identification and vocabulary 
reported in Mulak et al. (2013) is based on productive 
vocabulary size, while no such correlation was found with 
receptive vocabulary (unpublished data). As well, it was with 
children’s expressive vocabulary size that Best et al. (2010) 
and van Heugten et al. (2015) likewise found correlations 
with children’s cross-accent word recognition. It may be that 
correlations are more commonly found with children’s 
parent-reported expressive vocabulary rather than receptive 
vocabulary because judging whether a child produces words 
is presumably less subjective than judging whether a child 
understands a given word. In this case, expressive vocabulary 
correlations may occur because they are more reliable than 
receptive vocabulary measures but may still serve as a proxy 
for children’s receptive vocabulary. However, a predominant 
account is that the emergence of cross-accent lexical 
perception in children depends on the development of more 
mature word representations (see Best, 2015; Best et al., 
2009), in which case children’s expressive vocabulary size 
would be a better capture of such words. Furthermore, as this 
model assumes an all-or-nothing quality of word knowledge, 
productive vocabulary might be a better estimate of words 
that are definitely known. Future extensions to the model can 
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include varying degrees of word knowledge, and this might 
be better reflected with receptive vocabulary size. 

A set of 2,742 lexical items, represented as points in a 2-
dimensional space, were generated from a 100 x 100 uniform 
distribution. For each of these, a symmetric matrix was 
randomly generated with diagonal values drawn from a [0, 2] 
uniform distribution and the other values from a [0, 1] 
uniform distribution. Each matrix was then squared to ensure 
positive semidefiniteness, and these were used as covariance 
matrices for each word, corresponding to underlying 
variability in naturalistic speech production within the native 
accent. This approach simulates a space in which words can 
be acoustically close or distant from one another and, 
importantly in this model, where knowing a word also 
includes knowing the variability with which it can be 
produced.  

Creation of Native-like and Accented Targets 
For each word in the lexicon, a set of 20 native-like tokens 
was created, as well as a set of 20 accented tokens. These 
were the stimuli to be classified by our simulated participants. 
Each token is a two-dimensional point value, generated from 
a two-dimensional Gaussian distribution (using the R 
package mvtnorms) with the underlying lexical entry’s 
canonical values as the mean and covariance matrix. This 
provides a degree of variation in the words to be identified 
consistent with the known variability of each word. 

Accented tokens were created in the same manner but first 
the arbitrary vector (0.5, -0.5) was added to the canonical 
value for each lexical entry, (analogous to a “shift” change, 
as in Hitczenko & Feldman, 2016) applied simplistically to 
the entire phonetic space. This simulates a systematic change 
across the phonetic space, analogous to a regional accent. 

Vocabulary Size 
Our simulated participants had either a “small” vocabulary 
size of 46 words, or a “large” vocabulary of 155 words. These 
values were based on the median total productive vocabulary 
size estimated from CDI scores for 16-month-olds and 19-
month-olds, respectively (Mayor & Plunkett, 2011, table 
A5). While Mulak et al. (2013) tested 15-month-olds as the 
younger group, 16 months was the youngest age group for 
which total productive vocabulary size estimates were 
available, and preliminary data suggest that even 17-month-
olds behave like 15-month-olds in this task (Mulak & 
Escudero, 2016). For each simulated participant, a 
vocabulary of the corresponding size was randomly chosen 
from the lexicon. 

Word Identification Task 
A simulated looking-while-listening task was created in the 
following manner: For each trial, a target word was randomly 
chosen from the simulated participant’s vocabulary, as well 
as a distractor word, and a native accented token of the target 
word was chosen randomly. Our model assumes that 
simulated participants’ knowledge of a word in their 
vocabulary includes both its canonical mean and its 

covariance matrix, and that participants interpret the “heard” 
token as either corresponding to the target word, the 
distractor word, or an unknown word. Accordingly, word 
recognition was simulated by assuming participants were 
Bayesian classifiers, with the priors  
 

𝑝(𝑛𝑜𝑣𝑒𝑙) = 1 −	
𝑣𝑜𝑐𝑎𝑏𝑢𝑙𝑎𝑟𝑦	𝑠𝑖𝑧𝑒
𝑙𝑒𝑥𝑖𝑐𝑜𝑛	𝑠𝑖𝑧𝑒 	

 
and 

 
𝑝(𝑡𝑎𝑟𝑔𝑒𝑡) = 𝑝(𝑑𝑖𝑠𝑡𝑟𝑎𝑐𝑡𝑜𝑟) = ("#$(%&'()))

+
. 

 
The likelihoods of the token heard given the target and 

distractor were calculated according to the density function 
corresponding to the mean and covariance matrix for the 
target and distractor respectively. The likelihood of a novel, 
unknown word, 𝑝(𝑡𝑜𝑘𝑒𝑛|𝑛𝑜𝑣𝑒𝑙), was chosen as an arbitrary 
small constant (.01). A child’s real-world prior probability of 
hearing a new word likely changes significantly in early 
language development but at this stage and for the purposes 
of testing our hypothesis might be reasonably modeled as a 
constant. 

For each trial, the posterior probability for the target was 
calculated as  

 

𝑝(𝑡𝑎𝑟𝑔𝑒𝑡|𝑡𝑜𝑘𝑒𝑛) =
𝑝(𝑡𝑜𝑘𝑒𝑛|𝑡𝑎𝑟𝑔𝑒𝑡)𝑝(𝑡𝑎𝑟𝑔𝑒𝑡)

𝑝(𝑡𝑜𝑘𝑒𝑛) 	

 
where 

 
𝑝(𝑡𝑜𝑘𝑒𝑛) = 𝑝(𝑡𝑜𝑘𝑒𝑛|𝑡𝑎𝑟𝑔𝑒𝑡)𝑝(𝑡𝑎𝑟𝑔𝑒𝑡) +
𝑝(𝑡𝑜𝑘𝑒𝑛|𝑑𝑖𝑠𝑡𝑟𝑎𝑐𝑡𝑜𝑟)𝑝(𝑑𝑖𝑠𝑡𝑟𝑎𝑐𝑡𝑜𝑟) +

𝑝(𝑡𝑜𝑘𝑒𝑛|𝑛𝑜𝑣𝑒𝑙)𝑝(𝑛𝑜𝑣𝑒𝑙). 
 

Posteriors for distractors were calculated similarly, and 
the posterior for a novel word was calculated as 

 
𝑝(𝑛𝑜𝑣𝑒𝑙|𝑡𝑜𝑘𝑒𝑛) =	

1 − (𝑝(𝑡𝑎𝑟𝑔𝑒𝑡|𝑡𝑜𝑘𝑒𝑛) + 𝑝(𝑑𝑖𝑠𝑡𝑟𝑎𝑐𝑡𝑜𝑟|𝑡𝑜𝑘𝑒𝑛)).  
 

Mulak et al. (2013) used percent fixation to the named 
target image from total fixation to the target or distractor 
image. Here, we use the posterior probabilities of identifying 
the token as the target, distractor, or other as an analogue to 
fixation time measures, similar to an approach used by others 
to simulate target fixation (Allopenna et al., 1998; Mayor & 
Plunkett, 2014). It was assumed that for this task, participants 
would divide their attention to the target and distractor in line 
with their respective posteriors, and where uncertain, divide 
their attention equally between the target and distractor. In 
this case, the “time” spent looking to the target (as a 
proportion of trial duration) was given by  

 
𝑡𝑖𝑚𝑒,-./(, = 𝑝(𝑡𝑎𝑟𝑔𝑒𝑡|𝑡𝑜𝑘𝑒𝑛) + 𝑝(𝑛𝑜𝑣𝑒𝑙|𝑡𝑜𝑘𝑒𝑛)/2	
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and 
 

𝑡𝑖𝑚𝑒012,.-3,&. = 𝑝(𝑑𝑖𝑠𝑡𝑟𝑎𝑐𝑡𝑜𝑟|𝑡𝑜𝑘𝑒𝑛)
+ 𝑝(𝑛𝑜𝑣𝑒𝑙|𝑡𝑜𝑘𝑒𝑛)/2	

 
One hundred participants were simulated in each 

vocabulary (small vs. large) and accent (native vs. accented) 
group, resulting in 400 total simulated participants. Each 
simulated participant completed 100 trials. Each trial 
returned participants’ posterior probabilities for the target, 
distractor, and a novel word. From these variables, looking 
times to target and distractor were calculated, and the 
dependent variable was calculated as 

 
 𝑇𝑎𝑟𝑔𝑒𝑡	𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 = 	 ,14(!"#$%!

,14(!"#$%!5,14(&'(!#")!*#
 * 100 

 

Simulation Results 
We ran a linear model on simulated target fixation 

proportion using the lm function in R and analyzed model 
output using the native anova function. Simulated participant 
vocabulary size (small vs. large) and test accent (native vs. 
accented) were entered as between-subjects factors. Both 
main effects and the interaction were significant. Simulated 
participants with large vocabularies had a higher percentage 
of target identification (M = 70.45, 95% CI[70.13, 70.77]) 
than those with small vocabularies (M = 69.51, [69.19, 
69.83]; F(1, 39,996) = 16.65, p < .001). Target identification 
was also higher for unaccented tokens (M = 74.40, [74.08, 
74.72]) than accented ones (M = 65.56, [65.24, 65.88]; F(1, 
39,996) = 1474.64, p < .001). 

As seen in Figure 1, for the interaction of vocabulary size 
and accent (F(1, 39,996) = 4.73, p = .030), target 
identification was greater for native tokens than accented 
tokens for both the small vocabulary group (native: M = 
74.18, [73.73, 74.63]; accented: M = 64.84, [64.39, 65.29]; 
t(39,996) = 28.69, p < .001) and large vocabulary group 
(native: M = 74.62, [74.17, 75.07]; accented: M = 66.28, 
[65.82, 66.73]; t(39,996) = 25.62, p < .001). 

Notably, between the small and large vocabulary groups, 
target identification did not differ for the unaccented, 
“native” tokens (t(39,996) = -1.35, p = .178), but did differ 
between the accented tokens (t(39,996) = -4.42, p < .001), 
with the larger vocabulary group showing more target 
identification than the small vocabulary group. 

 

  
Figure 1: Simulated proportion identification of the target 
image by simulated participants with a small versus large 

vocabulary. The large vocabulary group identified a greater 
proportion of accented tokens compared to the small 

vocabulary group. 
 

We proposed that the greater target identification of the 
accented tokens by the large vocabulary group would be 
driven by a reduction in the posterior probability that the 
heard token is an unknown, “other” word compared to the 
small vocabulary group. Thus, we predicted that the posterior 
probability for classification as “other” would decrease 
between the small and large vocabulary group, and that this 
value would be lower for accented compared to unaccented 
tokens. We analyzed the posterior probability of classifying 
the token as “other,” in a linear model using the R function 
lm with vocabulary size and token accent as between-subjects 
factors.  

The pattern of results mirrored the previous analysis: both 
main effects and their interaction were significant. Simulated 
participants with a large vocabulary had a lower posterior 
probability of categorizing a token as belonging to an “other” 
word that is not the target or distractor (M = 58.64, [58.00, 
59.27]) compared to the small vocabulary group (M = 60.66, 
[60.03, 61.29]; F(1, 39,996) = 19.58, p < .001). The posterior 
probability of categorizing a token as “other” was lower for 
unaccented tokens (M = 50.90, [50.27, 51.53]) compared to 
accented tokens (M = 68.40, [57.76, 69.03]; F(1, 
39,996) = 1461.81, p < .001).  

For the interaction of vocabulary size and accent (F(1, 
39,996) = 4.94, p = .026; Figure 2), the posterior probability 
of “other” target identification was lower for native tokens 
than accented tokens for both the small (native: M = 51.40, 
[50.51, 52.30]; accented: M = 69.92, [69.02, 70.81]; 
t(39,996) = -28.61, p < .001) and large vocabulary group 
(native: M = 50.40, [49.50, 51.29]; accented: M = 66.87, 
[65.98, 67.77]; t(39,996) = -25.46, p < .001). The posterior 
probability of “other” did not differ between the small and 
large vocabulary group for the unaccented tokens 
(t(39,996) = 1.56, p = .120), but did differ between the 
accented tokens (t(39,996) = 4.70, p < .001), with the larger 

2200



vocabulary group having a lower posterior probability of 
“other” when identifying the accented tokens.  

 

  
Figure 2: Posterior probability of identifying simulated 

native and accented tokens as “other,” that is, an unknown 
word that is not the target or distractor, by simulated 

participants with a small versus large vocabulary. The small 
vocabulary group was more likely to categorize an accented 

token as “other” than the large vocabulary group. 

Discussion 
We tested the feasibility of the proposal that the emergence 

of cross-accent word identification in children between 
approximately 15 and 19 months (e.g., Mulak et al., 2013) 
may be supported by increased vocabulary size via shifting 
the probability that an accented token of a word is an 
unknown, to-be-learned word versus a token of an already-
known, familiar word.  

To explore this, we created a model of cross-accent word 
identification where infants are Bayesian classifiers that 
classify “unaccented” and “accented” tokens of “words” as a 
token of one of two known words in their lexicon (a target 
and distractor), or as a novel word, with probabilistic 
recognition of words using properties of the underlying 
distribution of productions of known words and the 
probabilities of novel words based on the size of the infants’ 
lexicon. 

Similar to empirical studies that typically find native accent 
word identification in both 15- and 19-month-olds but cross-
accent word identification only in older children with their 
larger vocabularies (e.g., Mulak et al., 2013; van Heugten et 
al., 2018), in our model there was no difference in 
performance for the unaccented tokens, and the larger 
vocabulary group had greater correct classification of 
accented targets compared to the small vocabulary group. 
This interaction underlies the large vocabulary group’s 
overall greater correct classification of all targets, and overall 
greater correct classification of “native,” unaccented targets. 

Our analysis also suggests that the greater correct 
classification of accented tokens by the large vocabulary 

group compared to the small vocabulary group was due to a 
change in the posterior probability that an accented token is 
classified as an unknown, “other” word, rather than 
misclassifications as the distractor.  

Thus, this model provides initial support for the possibility 
that increasing vocabulary size directly supports the 
emergence of cross-accent word identification, or accent 
accommodation more generally, by reducing the probability 
that an unfamiliar production belongs to an unknown versus 
a known word via increasing the set of known words. In the 
specific looking-while-listening task that we have modeled, 
this could also be conceptualized as an increased ability to 
use contextual cues, since in lowering the probability that a 
word is “other,” the probability that the token belongs to one 
of the two alternatives increases.  

While our model specifically replicated a looking-while-
listening procedure which is typically used to explore word 
identification, the proposal that an increasing vocabulary 
supports cross-accent accommodation by decreasing the 
likelihood with which an accented token is considered to be 
an unknown word could also be applied to the emergence of 
cross-accent word recognition. Word recognition, unlike 
word identification, does not require identification of the 
referent associated with a word, but only requires recognition 
of a word form as familiar. The emergence of cross-accent 
word recognition has typically been measured by measuring 
children’s listening preference for lists of familiar (e.g., baby) 
versus unfamiliar (e.g., hamlet) words (e.g., Best et al., 2009), 
or by familiarizing children to words and then testing their 
listening preference for passages that contain those words 
(e.g., Schmale & Seidl, 2009). In both cases, a listening 
preference for familiar words produced in the unfamiliar 
accent would indicate that cross-accent word recognition 
occurred. As with cross-accent word identification, 
vocabulary size has been found to correlate with cross-accent 
word recognition (e.g., Best et al., 2009; van Heugten et al., 
2015). In this case, while there is no context of images of 
possible referents to consider as in the word identification 
task, as children’s lexicon increases, they may still become 
more likely to consider that the “odd” production of a word 
they have heard is one that may fit into their existing lexicon, 
rather than represent an unknown word.  

A notable feature of this basic model is that it is language 
general, since there are no assumptions built in that are based 
on a particular language or accent. As well, by having few 
underlying assumptions, it shows a possible role for 
vocabulary size independent of other components of 
language development (though it may have an interactive role 
with other components). Another strength is that the 
vocabulary sizes for our small and large vocabulary group 
were based on realistic estimates of 16- and 19-month-old 
productive vocabularies. Since empirical findings show 
improvement in infants’ identification of accented 
productions of known words at similar ages (e.g., between 15 
and 19 months; Mulak et al., 2013), this strengthens the 
plausibility of the proposed mechanism.  
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A present limitation of the model is that it uses a very 
simplified, whole representation of words. These current 
representations do not instantiate the phonetic (or phonemic) 
makeup of words. Additionally, the design of the accented 
tokens was a simple uniform shift, whereas the amount and 
direction of variation can vary across words in a single 
accent, and across phonemes within a single word. Empirical 
research suggests differences in accommodation of cross-
accent differences to consonants versus vowels and changes 
that do versus do not cross native phonemic boundaries (Best 
& Kitamura, 2014). Such results suggest that the phonetic 
makeup of both the words in the listener’s lexicon as well as 
the accented stimuli likely contribute to whether an accented 
variation is accommodated. Relatedly, there are different 
sources of variation in speech, such as cross-speaker and 
cross-affect differences, that are likewise not modelled here. 
While children demonstrate an earlier ability to 
accommodate these types of variation in their native accent 
compared to their ability to accommodate cross-accent 
differences (see Mulak & Best, 2013, for a review), perhaps 
suggesting this type of accommodation occurs via a different 
mechanism, these types of variation are also present in 
accented speech. This model immediately lends itself to 
further development by increasing the complexity and 
specificity of the makeup of both the words of the listener’s 
lexicon as well as the accented tokens, ideally using values 
based on measured deviations between accents, and 
incorporating indexical and affective variation to achieve a 
more realistic representation of the complexities of variation 
in speech. 

In addition, while there is ecological validity in 
instantiating a unique lexicon for each simulated participant, 
this does not take into account word frequencies across 
infants’ developing lexicons—while there is variation in 
infants’ vocabularies, there is also considerable overlap. For 
instance, the word ball occurs in 91% of 19-month-old 
American English-learning infants’ productive vocabularies, 
whereas glue occurs in only 5% (Frank et al., 2017). The 
model currently creates a unique set of target and distractor 
items for each participant to ensure all targets and distractors 
are known words. Initializing individual vocabularies that 
have an appropriate amount of overlap would allow for 
presentation of the same target and distractor tokens for each 
participant, which would strengthen the ability to model 
empirical results. 

Neighborhood effects, relating to the influence of having 
clusters of phonologically overlapping words in the listener’s 
lexicon, are also not yet accounted for here. With regards to 
the target stimuli, the model does not currently take into 
account the frequency distribution of words in the input, 
whereas words that occur more often in the environment 
would have a higher prior probability of being perceived. 
Incorporating frequencies with which individual words occur 
within the lexicon when initializing simulated vocabularies, 
as well as taking into account frequency distributions of 
individual words in the input would improve the ecological 
validity of the model. Increasing the phonetic specification of 

words in the listener’s lexicon as well as target words would 
enable measurement of neighborhood effects. 

In summary, in a language-general model of infant word 
recognition using Bayesian classification with minimal 
assumptions, we were able to recreate a similar pattern of 
cross-accent word recognition as found in behavioral 
experiments. Our results are consistent with the explanation 
that vocabulary growth may play a direct role in the 
development of cross-accent word identification in infants by 
increasingly the likelihood that infants classify accented 
tokens as belonging to an existing word in their lexicon 
(specifically here, as one of the two candidates presented as 
the target and distractor), at the same time decreasing the 
likelihood that they consider an accented token to belong to a 
word unknown to them. The acknowledged limitations and 
simplifying assumptions of this model highlight areas for 
further development of this model. While this model deals 
specifically with the question of cross-accent accommodation 
in infants’ word identification, a vocabulary-driven model 
may reflect a more general cognitive mechanism and have 
parallels in other domains of classification when dealing with 
variable input, and it may also be a fruitful avenue for 
research into how those skills emerge across the lifespan.  
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