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Abstract

Existing theories of word learning largely focus on a learner’s
ability to learn a single meaning for a word despite the fact that
many words have multiple meanings. Several computational
models of cross-situational word learning have been proposed
to explain how words are learned, but it is unknown to what ex-
tent they can learn ambiguous words with multiple meanings.
Here, we present an experiment showing that adult learners are
able to learn multiple meanings of novel ambiguous words in
a cross-situational word learning paradigm, and are especially
good at doing so when the meanings of the words are related
(polysemous) rather than unrelated (homophonous). We evalu-
ated the ability of ten different computational models of cross-
situational word learning to explain the empirical data, and
none were able to learn the ambiguous words as successfully
as the adult learners. Moreover, because these computational
models do not represent any semantic information, they are in
principle unable to replicate the key difference between poly-
semous and homophonous word learning found in the study.
Keywords: Language Acquisition; Cross-Situational Word
Learning; Lexical Ambiguity; Computational Modeling

Introduction
When a child hears a word in a given situation, there is ambi-
guity both regarding what the word might refer to (e.g., upon
hearing “dog” in the presence of a dog and a leash, it is un-
clear which of these objects is being described), as well as
how far the meaning should be generalized (e.g., if the word
“dog” is meant to apply to a dog, could it also be used to de-
scribe a cat?). As has long been noted, these problems pose
inductive challenges, requiring children to go beyond the evi-
dence they have observed (Quine, 1960). Prior work suggests
that children and adults overcome these challenges in part by
learning the meanings of words across individually ambigu-
ous situations (Smith & Yu, 2008). For instance, after hear-
ing “dog” when a dog and a leash are present, a learner may
be unsure about the meaning of the word, yet upon hearing
“dog” another time in the presence of a dog and a bone, the
learner may guess that the word refers to dogs because this
was the only consistent referent across the word’s usages.

While there is consensus that information about a word’s
meaning can be extracted from the environmental statistics of
its use, theories differ regarding the mechanisms that support
this process (Yurovsky & Frank, 2015). As a result of this
divergence, there has been great interest in building compu-
tational models that explicitly implement distinct hypotheses
regarding how words are learned across situations. For in-
stance, according to associative models, learners update a ma-

trix of possible word-referent associations each time they hear
a word, strengthening associations with plausible referents
and weakening associations with absent referents (Fazly et
al., 2010; Kachergis et al., 2012). In contrast, in hypothesis-
testing models, learners maintain only a single hypothesis
about a word’s meaning; each time they hear a word, this hy-
pothesis is either verified or falsified (in the latter case, learn-
ers adopt a new hypothesis) (Medina et al., 2011; Trueswell
et al., 2013). Others combine these ideas in hybrid models
(Stevens et al., 2017).

A key–but largely overlooked–consideration in evaluating
the ability of these computational models to explain human
word learning is how well they account for the learning of am-
biguous words–words that have multiple meanings (Yurovsky
& Yu, 2008). While often treated as an edge case in lan-
guage learning, most of the words that people learn are am-
biguous. This includes cases of homophony (in which words
have unrelated meanings, e.g., baseball vs. animal “bat”; es-
timated to apply to 7% of English words) and the far more
prevalent cases of polysemy (in which words label multiple
related senses of meaning, e.g., “chicken” animal vs. meat;
estimated to apply to 84% of English words; (Rodd et al.,
2002)). Although it has been claimed that some computa-
tional cross-situational models can learn ambiguous words
(Fazly et al., 2010; Soh & Yang, 2021; Stevens et al., 2017),
to our knowledge, no prior studies have directly compared
model predictions in these cases against data from humans.
This is a notable omission given evidence that even toddlers
can learn multiple meanings for ambiguous words (Dautriche
et al., 2018; Floyd et al., 2020; Rabagliati et al., 2010; Srini-
vasan & Snedeker, 2014; Srinivasan et al., 2017). Indeed, by
some accounts, polysemous words in particular may be easier
for children to learn than both homophones and unambiguous
words, because they allow children to leverage their knowl-
edge of one meaning of a word to make inferences about
a word’s other, related meanings (Floyd & Goldberg, 2021;
Srinivasan & Rabagliati, 2021; Srinivasan et al., 2019).

In the current study, we present a pre-registered experi-
mental study of adult learners’ ability to learn multiple mean-
ings of novel ambiguous words in a cross-situational learn-
ing paradigm in which each presentation of a word is refer-
entially ambiguous. We show that adults are able to learn
multiple meanings for a single word under these challeng-
ing conditions, and, additionally, that they learn the meanings
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Table 1: Word Stimuli.

Type Meaning 1 Meaning 2
Homophonous Broom Ballet
Homophonous Monkey Bow
Homophonous Pasta Paws
Homophonous Salt Saddle
Homophonous Worm Glass (cup)
Polysemous Crown Wreath
Polysemous Glass (material) Mirror
Polysemous Glasses Goggles
Polysemous Paper Leaf
Polysemous Pen Feather

of polysemous words more easily than the meanings of ho-
mophonous words, mirroring prior findings of a “polysemy
advantage” in children’s word learning. Next, we present a
systematic evaluation of the ability of ten computational mod-
els of cross-situational learning to account for the human data
and find that the models present at best a limited ability to
learn multiple meanings for each word. Moreover, because
they do not include semantic information, these models are
by definition unable to account for observed differences be-
tween the learning of polysemous and homophonous words.

Methods
Methods and analysis were preregistered at
https://aspredicted.org/2jrt-d338.pdf.

Participants
A preregistered sample of 140 adult participants was recruited
via Prolific and completed the study online. All participants
were monolingual English speakers residing in the US. Par-
ticipants were excluded if more than 50% of their responses
were excluded (N = 0) or if they failed any of the catch tri-
als (N = 13). This was a less stringent exclusion criterion
than the preregistered criteria, which was originally to re-
move all participants who answered too quickly or too slowly
on any single trial (which led to an overly high exclusion rate
(N = 50)).

Procedure
Participants were randomly assigned to one of two condi-
tions: a polysemous condition or a homophonous condi-
tion. In the polysemous condition, participants were tasked
with learning novel words that had two related meanings. In
the homophonous condition, participants learned novel words
with two unrelated meanings. Table 1 shows the words used
for each condition. The meanings of polysemous (and ho-
mophonous) words corresponded to meanings that were pol-
ysemous (or respectively, homophonous) in another language
(French or Spanish) but critically not in English. Words
were categorized as polysemous if the meanings were per-
ceived as semantically related and homophonous if not. Val-

Figure 1: Example learning phase for a word meaning Pen
and Feather.

idating these designations, a separate group of 30 partici-
pants rated the word pairs for conceptual similarity. Poly-
semous meanings were rated as more conceptually related
than homophonous meanings (polysemous mean = 49.29,
sd = 19.75 vs. homophonous mean = 4.52, sd = 1.15 on
a scale of 1 to 100).

In both conditions, participants also completed control tri-
als in which they learned words with a single meaning. In the
polysemous condition, word meanings on the control trials
were taken from the list of homophonous words, with one of
the meanings from each homophonous word being randomly
selected to be the sole meaning of a control word. The reverse
(forming control words from polysemous items) was true for
the homophonous condition. This was done to ensure that one
set of words was not a priori more difficult than the other.

In each condition, participants were told they would be
learning new words in a pretend foreign language. Partici-
pants learned either the five homophonous words or the five
polysemous words in a random order. Critical words (those
with two meanings) alternated with control words (those with
a single meaning). For each word, we measured learning both
in participants’ performance in a learning phase and in a test
phase, as explained below.

Evidence about each word was presented on six consecu-
tive learning trials in the learning phase. Each learning trial
contained one target object (a referent of an actual meaning
of the word) and four distractors. Participants were presented
with a nonce word (e.g., dax) and told to select the word from
the images. For critical words, each word had two meanings,
and each meaning was presented on three of the six learn-
ing trials, in a pseudo-random order. For control words, each
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Figure 2: Example test trial for a word meaning Pen and
Feather.

word had a single meaning, whose referent was presented on
each learning trial. Distractors were never repeated, and the
target meanings were represented by different instance im-
ages on each exposure. Figure 1 shows a typical set of learn-
ing trials for a word meaning pen and feather.

For each critical word, after the learning phase, which
consisted of the six learning trials, participants entered the
test phase to probe whether they had successfully learned
its multiple meanings. This was measured via a single test
trial where participants saw images representing the critical
word’s two target meanings (one for each meaning) and seven
of the distractor meanings that had been present during the
learning phase. In the test phase for control words, partici-
pants instead saw the single target meaning and eight distrac-
tors. For both critical and control words, participants on test
trials were told to select all of the images that depicted the
target word. They were instructed that there would be at least
one correct answer and that there could be more (See Figure 2
for a sample trial). Distractors and target meanings in the test
trials were represented by new instance images that the par-
ticipants had not previously seen. Participants also completed
three randomly interspersed catch trials where they were ex-
plicitly told to select common objects (e.g., “Select all of the
images that show a cat.”).

Images were taken from the THINGS database (Hebart
et al., 2019). For each concept, the seven most representa-
tive images were selected from the database (based on the
database’s norming data). On each trial, one of the images of
the concept was selected randomly without replacement.

Figure 3: Results for the Learning Phase. Error bars represent
95% confidence intervals. The dashed line indicates chance
performance.

Analysis

Individual responses were excluded from analysis if the re-
sponse time was shorter than 500 ms or longer than 30,000 ms
(N = 172 responses out of 9,660). Responses for entire words
were removed if the participant was too fast or slow on 3 or
more of the 6 learning trials (N = 6). As pre-registered, we
hypothesized that accuracy would be higher on control words
compared to critical words for both the learning phase and test
phase because the critical words required participants to learn
two meanings, rather than one. Further, based on prior work
showing that learners show an advantage at learning polyse-
mous words, we hypothesized that accuracy would be higher
on critical words in the polysemous condition (compared to
the homophonous condition). As we expected little differ-
ence in performance across conditions in the control trials,
but we expected a difference in the test trials, we predicted a
significant interaction effect of condition and trial type.

Participants’ responses on both the learning phase and the
test phase were analyzed with separate mixed-effects logis-
tic regression models predicting accuracy as a function of
condition and trial type (control vs. critical) with a random
intercept for participant (Formula: accuracy ∼ condition ×
trial type + (1|participant)). During the test phase, the re-
sponse was coded as correct if all correct objects were se-
lected (two in the critical trials and one in the control trials)
and no incorrect objects were selected.
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Figure 4: Results for the Test Phase. Error bars represent 95%
confidence intervals.

Results
Results for the learning phase and the test phase are shown in
Figures 3 and 4, respectively. On critical trials, participants
learned two meanings for polysemous words in the polyse-
mous condition or two meanings for homophonous words in
the homophonous condition. On control trials, participants
learned a single meaning for homophonous words in the pol-
ysemous condition or a single meaning for polysemous words
in the homophonous condition. As hypothesized, accuracy on
the critical trials was higher in the polysemous condition than
in the homophonous condition in both the learning and the
test phases. In the learning phase, participants were signifi-
cantly more accurate on the control trials (β = 1, p = .005)
and in the polysemous condition (β = −3.2, p < .001). Fur-
ther, there was a significant interaction between trial type
(control vs. test) and condition (β = −.31, p < .005). In-
terestingly, accuracy was also higher in the polysemous con-
dition than in the homophonous condition on control trials
as well. This means that the polysemous words were learned
more easily than the homophonous words when the words
had two meanings but were learned less easily when they had
a single meaning.

Similarly, in the test phase, participants were significantly
more accurate on the control trials (β = .5, p < .005) and in
the polysemous condition (β=−.92, p< .001), but there was
no significant interaction between condition and trial type
(β = .34, p = .31). On control trials, participants chose the
correct referent and no distractors on 82.59% [CI: 76.2%,
88.2%] of trials in the polysemous condition and on 64.27%

[CI: 56.5%, 71.1%] of trials in the homophonous condition.
On critical trials, participants chose both correct referents and
no distractors on 40.24% [CI: 34.4%, 46.4%] of trials in the
polysemous condition and on 17.07% [CI: 12.3%, 22.1%] of
trials in the homophonous condition.

Discussion
As predicted, words with a single meaning were learned more
readily than those with two meanings. Further, and also as
hypothesized, among words with two meanings, polysemous
words were learned more easily than homophonous words.
Notably, despite the difficulty of the homophonous condition,
participants were above chance on each learning trial. How-
ever, on the test trials when they had to select all meanings of
the word, they were able to choose both correct meanings and
no incorrect meanings less than a quarter of the time (17.07%
of trials), suggesting that in many cases, they did not actu-
ally learn that the word had multiple meanings. In contrast,
participants chose both meanings of the words (and no in-
correct meanings) more than twice as often on critical trials
in the polysemous condition (40.24% of trials), suggesting
that many participants recognized that these words had mul-
tiple meanings. This success is notable given that participants
experienced each meaning only three times and encountered
significant ambiguity about the words’ meaning(s). Overall,
the results of this experiment align with previous research
suggesting a polysemy advantage in word learning (Floyd &
Goldberg, 2021; Srinivasan & Rabagliati, 2021; Srinivasan
et al., 2019).

Interestingly, accuracy was significantly higher on con-
trol unambiguous words in the polysemous condition than in
the homophonous condition even though a previous norming
study had determined that these words were equally easy to
learn. Notably, the critical meanings in the polysemous con-
dition were the unambiguous meanings in the homophonous
condition, and vice versa, so this effect is not driven by one
set of meanings being a priori easier to learn. We speculate
that learning words with two related meanings (in the poly-
semous condition) may have drawn the participants’ attention
to relations between referents that made them better on unam-
biguous words. It is also possible that the increased difficulty
of learning words with two unrelated meanings (in the ho-
mophonous condition) may have made participants worse at
the more straightforward task of learning words with a single
meaning.

An alternative explanation is that participants learned a sin-
gle superordinate category (e.g., glasses and goggles as eye-
wear) rather than two distinct meanings. While this is pos-
sible, it seems unlikely, as some polysemous pairs (e.g., pen
and feather) are not easily grouped under a common label.

Next, we investigate how well ten proposed models of
cross-situational learning can account for the human data.
Given that these models do not consider any semantic in-
formation, they are, by definition, unable to provide differ-
ent predictions regarding the learning of polysemous and ho-
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mophonous words. But we can still probe their ability to learn
multiple meanings for a single word.

Comparison to Computational Models
To assess the performance of current models of cross-
situational word learning, we simulated the performance of
ten common models in the three domains we tested with hu-
man participants: learning words with a single meaning (con-
trol trials), two related meanings (polysemous trials), and two
unrelated meanings (homophonous trials).1 All models were
adapted from those presented in Kachergis and Frank, 2021,
and we use the best fit parameters from that paper. (All code
can be found at anonymised link). Each model is introduced
below, and in-depth summaries of the models are available in
Kachergis and Frank, 2021.
Baseline Co-Occurrence: Simply tracks how often words
and objects appear together during trials.
Familiarity- and Uncertainty-Biased (FU): Assumes that
learners form associations between all presented words and
objects, prioritizing pairs with prior co-occurrence (familiar-
ity) and those with weak or diffuse associations (uncertainty)
(Kachergis et al., 2012).
Strength-, Uncertainty-, and Novelty-Biased: Versions of
the FU model. The strength-biased model prioritizes fa-
miliar associations by excluding an uncertainty bias. The
uncertainty-biased model lacks a strength bias. The novelty-
biased model replaces entropy with a novelty measure
(Kachergis et al., 2012).
Probabilistic Associative Model (PA): Represents the
meaning of each word as a probability distribution over
objects, updated incrementally across trials. Associations
grow more quickly for familiar pairings unless another word
strongly competes for the same object, reflecting a competi-
tive learning process (Fazly et al., 2010).
Bayesian Decay (BD): Updates word-referent probabilities
incrementally, reinforcing co-occurring pairs based on a
likelihood function while penalizing non-co-occurring pairs
(Kachergis & Frank, 2021).
Rescorla-Wagner (RW): Adapts associations between
words and objects using prediction-error learning (Kachergis
& Frank, 2021; Wagner & Rescorla, 1972).
Propose-but-Verify (PbV): Randomly selects a referent for
any word without a remembered referent, then recalls and
verifies the previously proposed referent, strengthening the
association if verified and replacing it with a new hypothesis
if not (Trueswell et al., 2013).
Pursuit: Adjusts associations dynamically by strengthening
the strongest word-referent pair if present, weakening it if
absent, and pairing novel words with weakly associated ref-
erents, using thresholded associations for referent selection
(Stevens et al., 2017).

1Given that the models do not process any word-related infor-
mation, the phrase “polysemous trials” in this section simply refers
to the models’ responses to the trials that were completed by the
participants in the polysemous condition, and vice versa for “ho-
mophonous trials.”

Table 2: Model Results RMSE.

Model Control Polysemous Homophonous
Baseline .25 .18 .12
FU .10 .10 .08
Str .12 .15 .11
Unc .25 .15 .19
Nov .14 .13 .10
PA .21 .11 .14
BD .25 .08 .08
RW .28 .16 .11
PbV .46 .35 .25
Pur .18 .23 .14

Figure 5 shows average model performance on the learning
trials, and table 2 shows the root mean squared error (RMSE)
of each model vs. human performance on control, polyse-
mous, and homophonous trials for the learning phase. As
expected, no models were able to match the differences in
polysemous and homophonous words that humans displayed
since they are in principle unable to distinguish between the
learnability of individual words at all. However, most of the
models appeared to successfully learn two mappings at the
same time (with the exception of Propose but Verify). Differ-
ent models most closely approximated human performance
in the three domains we tested. The FU model performed
most similarly to human participants on the control trials
(RMSE = .1) while the Bayesian Decay model performed
most similarly to the human performance on the polysemous
condition (RMSE = .08), and the Bayesian Decay and FU
models performed most similarly to human performance on
the homophonous condition (RMSE = .08).

Critically, participants completed not only a learning phase
where they selected one object at a time but also a more strin-
gent test phase, which probed their ability to choose all of the
meanings of the word and no distractors. While modeling of
the learning phase is straightforward since the model can pre-
suppose that there is one correct answer, the test phase was
more open-ended, as participants were told that there was at
least one and potentially more than one correct answer. There
are different ways to simulate model performance for the test
phase. In our first approach, we took the association matrix
produced by the simulation of the learning trials. Then, we
simulated the test trials by selecting seven distractor objects
at random (or eight in the control trials) and the two target
objects (or one in the control trials). Objects were selected
based on a softmax transformation of the association matrix
values using a fitted temperature parameter, simulating prob-
abilistic choice. Specifically, we row-normalized the associ-
ation matrix and selected referents with probabilities propor-
tional to their normalized association strengths. This yielded
very poor performance: the most common outcome was for
the models to select no objects at all on critical trials (be-
tween 40% and 70% of trials depending on the model), likely
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Figure 5: Model Results for the Learning Phase. The dashed
line represents chance.

because the magnitudes of values in the association matri-
ces of the models were generally fairly low. The next most
common outcome was selecting only one target meaning (be-
tween 10% and 40% depending on the model). In sum, on
this approach to modeling the test phase data, the models vir-
tually never demonstrated knowledge of the two meanings of
the critical ambiguous words.

Next, we explored a secondary approach where we expo-
nentiated the association matrix produced by the simulation
of the learning trials by a parameter α (determined via differ-
ential evolution with the DEoptim package in R to minimize
the sum of squared error between human and model perfor-
mance) (Mullen et al., 2011). Finally, each referent was again
selected as being a correct meaning with the probability of its
value in the association matrix. Model performance on the
test trial is shown in Figure 6. Despite relative success in the
learning phase, none of the models we tested were able to
match human performance on the test trial. On critical word
trials, most of the models selected both correct referents (and
no distractors) on less than 7% of trials despite selecting the
correct referents during the learning phase at an above-chance
rate. Notably, the Bayesian Decay, FU, and Strength mod-
els succeed at rates (24.1%, 14.6%, and 18.9%, respectively)
close to human participants’ performance on critical polyse-
mous (43.2%) and homophonous word trials (16.9%). How-
ever, they also significantly overshoot human performance on

Figure 6: Model Results for the Test Phase.

the control trials (> 99%, 91.8%, and 97.4%, respectively,
as opposed to 85.2% for human polysemous condition con-
trol trials and 62.4% for human homophonous condition con-
trol trials), which indicates that they do not perform in a very
human-like way on this particular task.

General Discussion
We have demonstrated a cross-situational word learning task
where humans and computational models widely diverge.
In our task, adult participants were able to learn multiple
meanings of novel ambiguous words, particularly when those
words were polysemous and labeled multiple related mean-
ings. Moreover, a significant subgroup of participants (about
40%) demonstrated knowledge that the novel polysemous
words had two meanings in the more stringent and open-
ended test phase of our task. By contrast, although many of
the computational models demonstrated success in the learn-
ing phase of our paradigm–where they could assume that only
one of the presented images was correct–they were in general
unable to match human performance in the test phase where
they could not assume there was only one correct answer and
instead had to select all correct meanings and no incorrect
meanings. Moreover, although our participants were signifi-
cantly better at learning the novel polysemous words than the
novel homophones–in both the learning and test phases–the
cross-situational learning models are in principle unable to
account for these differences.
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