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Abstract
Children often learn the meanings of nouns before they grasp the meanings of verbs.
This discrepancy could arise from differences in the complexity of visual characteristics
for categories that language describes, the inherent structure of language, or how these
two sources of information align. To explore this question, we analyze visual and linguis-
tic representations derived from large-scale pre-trained artificial neural networks of com-
mon nouns and verbs, focusing on these three hypotheses about early verb learning. Our
findings reveal that verb representations are more variable and less distinct within their
domain compared to nouns. When only one example per category is available, the align-
ment between visual and linguistic representations is weaker for verbs than for nouns.
However, with multiple examples (mirroring human language development), this align-
ment improves significantly for verbs, approaching that of nouns. This suggests that the
difficulty in learning verbs is not primarily due to mapping visual events to verb mean-
ings, but rather in forming accurate representations of each verb category. Regression
analysis indicates that visual variability significantly impacts verb learning, followed by the
alignment of visual and linguistic elements and linguistic variability. Our study provides a
quantitative and integrative framework to account for the challenges children face in early
word learning, opening new avenues for resolving the longstanding debate on why verbs
are harder to learn than nouns.

Introduction
Children’s early vocabularies are dominated by nouns [1]. Although there is some variability
in the size of the effect across cultures and languages, children learn nouns more quickly than
verbs and other predicates [2,3]. Efforts to understand the complexities involved in learning
verbs have typically concentrated on identifying if the main obstacles arise from the organi-
zation of categories in the real world to which language refers, the intrinsic structure of the
language, or the alignment between these two elements.

To know the meaning of a word, learners must learn the perceptual category to which each
word refers [4,5]. Consequently, much of the work on early word learning is concerned with
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the cognitive processes children use to map words to visual categories [6–8]. In this context,Competing interests: The authors have
declared that no competing interests exist. one explanation for the challenges of verb learning focuses on the relative difficulty of visual

category learning: referents labeled by verbs may be more variable or more confusable than
those labeled by nouns [9,10]. This difference arises because nouns typically correspond to
objects that are naturally consistent and individuated, as proposed by the Natural Partitions
Hypothesis [9,11,12]. Objects in the world tend to form discrete, concrete entities that are
easier to recognize and categorize. For example, “dogs” differ from each other on a variety of
dimensions, such as color, size, and fur texture, but share a common basic shape [13]. In con-
trast, “walks” differ from each other not only in dimensions such as speed, direction, number
of limbs, and gait but also in the identity of the agent doing the walking.

A second explanation for the challenges of verb learning focuses on the linguistic contexts
formed by other words in which a target word appears. Along the lines of Firth’s intuition that
“you shall know a word by the company it keeps” [14], congenitally blind children can cor-
rectly name the colors of common objects and even the similarities among these colors, even
though color is a purely visual property [15]. In this context, the difficulty of verb learning
may be attributable, at least in part, to the fact that verbs refer to relations among nouns and
thus are likely to occur in more diverse linguistic contexts. Supporting this account, children
learn verbs that occur in more restricted contexts earlier than verbs that occur in more diverse
contexts [16].

Finally, the difficulty of learning verbs may emerge from the alignment between visual
and linguistic sources of information, a phenomenon explained by the Relational Relativity
Hypothesis [9]. Under this view, verbs are more difficult to learn than nouns because their
linguistic usage is less transparently related to the events with which they occur. For example,
English tends to encode the manner of the motion into the verb, but not the direction (e.g.,
as in “The bottle floated into the cave.”), while Spanish tends to lexicalize the direction of the
movement when describing the same event, leaving manner as an optional adjunct (e.g., as in
“La botella entró en la cueva, flotando.”, meaning “The bottle entered the cave floating.”) [9].
Furthermore, the contexts of transitive verbs are fundamentally ambiguous unless the words
for their agent and patient are known (e.g., as in “chase” and “flee”) [17]. Accordingly, verbs
may require selecting among the available relationships and identifying the syntactic structure
of the utterances.

Tests of these explanations have typically relied on cross-linguistic comparisons [18], stud-
ies of atypical learners [19,20], or artificial language learning experiments that try to approx-
imate the real-world learning problems faced by children [21]. Here, we introduce a novel
method for quantifying the complexity of both the visual and linguistic contexts in which
a word appears, as well as the alignment of both sources of information. By independently
assessing these different sources of information for word learning, we can directly assess their
explanatory value in addressing the challenges associated with learning verbs. Specifically,
we examined how the complexity and alignment of visual and linguistic information impact
the learning of common nouns and verbs, selecting these words based on their frequency of
occurrence.

Measuring visual and linguistic complexity
To better understand how visual information, linguistic information, and visual/linguistic
alignment contribute to differences in the learnability of nouns and verbs, it is critical to
represent both sources of information in a unified manner. Historically, top-down, hand-
designed approaches have predominated in the psychological study of visual meaning struc-
tures, where experimenters have explicitly defined and manipulated features such as color,
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size, and shape [22,23]. In contrast, due to the arbitrary relationship between the form of a
word and its meaning [24], a bottom-up approach has been adopted in the study of the struc-
ture of individual word meanings, where word meanings are assumed to emerge from the
regularity of word statistics. Modern language models build on similar intuitions regard-
ing word co-occurrences, but with more powerful learning algorithms and larger and more
diverse training corpora. While these language models such as BERT and recent “Large Lan-
guage Models” do not explicitly encode predefined meanings [25–29], these models produce
representations that align with human similarity judgments [30], predict human behavior in
semantic fluency tasks [31], predict choices in classical decision-making tasks [32], and cap-
ture top-down linguistic features identified by linguists, such as syntax [33]. Therefore, we
propose that embeddings derived from these language models serve as a reasonable approx-
imation of meaning and leverage these advances to explore the underlying structure of word
meanings.

In addition to generating word embeddings from the language model [27], we similarly use
a pre-trained vision model to generate visual embeddings from pixels that represent the visual
structure of the categories to which words refer [34]. Importantly, we intentionally chose a
vision model trained via an unsupervised learning method to ensure that the model encodes
only visual features, such as color, texture, and edges.

Learning verbs versus learning nouns
Given a unified way to represent the linguistic and visual dimensions of word meanings as
vectors, we then apply common measures to examine whether the later onset of verb learn-
ing arises from one or more of the following factors: 1) identifying stable visual categories;
2) understanding meanings from linguistic contexts; or 3) aligning the visual and linguistic
structures corresponding to the same word.

Intuitively, the meaning of a word may be hard to learn from the contexts in which it
appears for two different reasons. First, different instances of a word may carry different
meanings. This variability makes it difficult to converge on the central meaning of a word.
Second, two different words may appear in similar contexts, making the words confus-
able. One method for quantifying these two sources of difficulty is to consider both the
similarities between multiple instances of the same word and the dissimilarities between
different words. For example, as illustrated in Fig 1A, the distribution of verb exemplars
may be more scattered compared to noun exemplars. At the same time, as illustrated in
Fig 1B, verb categories may generally be less similar to one another as compared to noun
categories.

We can also measure, as illustrated in Fig 1C, the alignment between the linguistic rep-
resentation of a word and the visual representation of the corresponding category. Prior
work has demonstrated that representations across these two modalities tend to be highly
aligned for concrete nouns, and, furthermore, that the earliest learned words are more highly
aligned than later learned words [35]. Here, we explore whether the degree of alignment
between the linguistic and visual meanings of words helps distinguish noun learning from
verb learning. We hypothesize that nouns will have a visual structure more aligned with
their linguistic structure, whereas the visual and linguistic structures of verbs will be less
aligned.

Finally, although each of these measures may independently predict some of the difficulty
of word learning, we are interested in the main obstacles that children face when acquiring the
meaning of words. Accordingly, we estimate the relative contributions of each of these mea-
sures in a single regression analysis to determine how well each factor can predict the age at
which a given word is learned.
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Fig 1. Potential sources of difficulty for learning nouns and verbs as illustrated by concepts in embedding spaces. Large dots represent category centroids,
small dots represent exemplars of corresponding categories, and colored ellipses represent 68% confidence (one standard deviation) areas for each category (see
Methods for visualization details). (A) Within each category, verb exemplars are more variable as compared to noun exemplars; (B) Verb categories overlap more
with one another and are less distinguishable from one another as compared to noun categories; (C) Within the verb system, the structures of linguistic and visual
representations are inconsistent across modalities, while in the noun system, the structures of linguistic representations and visual representations are better
aligned.

https://doi.org/10.1371/journal.pone.0321973.g001

Results
As a first step, we examine the category structure in each modality using neural network-
based representations (see Methods for details) of 210 nouns and 210 verbs from the Visual
Genome (VG) dataset [36]. The complete list of words is provided in S2 Appendix. We use
this word dataset to investigate the difficulty faced by a simulated language learner in form-
ing new categories and differentiating between separable categories. Under this rubric, the
category structure is captured by two measures: 1) the degree of dispersal for each individ-
ual category (“variability”); and 2) how far categories are from each other (“discriminability”).
Accordingly, these structural measures of representational space are quantified by two met-
rics: the variability of individual categories and the discriminability of different categories (see
Methods for mathematical definitions).

Category structure in the visual modality
The visual variability of verbs is significantly greater than that of nouns, t(418) = 11.71,
p < 0.001, and the visual discriminability of verbs is significantly lower than that of nouns,
t(418) = –9.82, p < 0.001 (Fig 2A). Consistent with our hypothesis, objects labeled by the same
noun are more like one another than events labeled by the same verb, and objects described
by different nouns are less confusable with one another than events described by different
verbs.

PLOS One https://doi.org/10.1371/journal.pone.0321973 May 23, 2025 4/ 17

https://doi.org/10.1371/journal.pone.0321973.g001
https://doi.org/10.1371/journal.pone.0321973


ID: pone.0321973 — 2025/5/21 — page 5 — #5

PLOS One Quantifying the roles of visual, linguistic, and visual-linguistic complexity in noun and verb acquisition

Fig 2. Distribution of variability and discriminability of nouns and verbs from the Visual Genome (VG) dataset.
Dashed lines denote 25th-, 50th-, and 75th-percentile of distributions. (A) Visual modality: Verb categories are more
variable and less distinguishable than noun categories. (B) Language modality: Verb categories are equally variable
but less distinguishable than noun categories.

https://doi.org/10.1371/journal.pone.0321973.g002

Category structure in the language modality
Although the difference in linguistic variability is not statistically significant between nouns
and verbs, t(418) = –1.15, p = 0.250, the linguistic discriminability of verbs is reliably lower
than the linguistic discriminability of nouns, t(418) = –7.63, p < 0.001 (Fig 2B). These results
provide evidence that the linguistic meanings of verbs are less distinguishable compared to
those of nouns.

In sum, the observations from unimodal visual and linguistic analyses offer an explanation
for why verbs are harder to learn than nouns: Compared to nouns, it is harder to capture the
central meanings of the visual and linguistic categories of verbs and to distinguish between
two visual categories of verbs.

Alignment between visual and language modalities
Another challenge in learning verbs is that they filter and highlight specific relational infor-
mation from physical events. This requires learners to determine which physically grounded
details are captured within different verb categories. To explore this possibility, we examine
the crossmodal alignment between the visual and language modalities of nouns and verbs,
asking whether visual categories can be readily mapped onto linguistic categories. We term
this measure “Alignment Strength” (see Methods for mathematical definition). To make
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well-controlled comparisons across systems with different words, we also measure the rel-
ative strength of alignment, that is, how well aligned a mapping is compared to alternative
permuted mappings in which linguistic and visual representations of different words are
randomly matched.

Fig 3A shows the distribution of alignment strengths of true mappings and permuted map-
pings in systems with one visual exemplar representing each visual category and one lin-
guistic exemplar representing each linguistic category. The mean alignment strength of true
mappings is significantly different from the mean of permuted mappings for both nouns,
t(1, 000, 998) = 30.35, p < 0.001, and verbs, t(1, 000, 998) = 11.17, p < 0.001, suggesting that
true mappings are reliably more aligned than randomly permuted mappings.

The mean alignment strength of true mappings for nouns (𝜌= 0.027) is higher than
75.6% of permuted mappings, while the mean alignment strength of true mappings for verbs
(𝜌= 0.009) is higher than 59.8% of permuted mappings. Consistent with our hypothesis, as
captured by both absolute alignment strength and relative alignment strength, it is more dif-
ficult to establish correct mappings for verbs compared to nouns. Thus, identifying the correct
mapping between visual categories and linguistic categories may be more challenging in verb
learning than in noun learning.

Improving alignment by exemplar aggregation
An alternative explanation for the lower alignment strength observed for verbs could be the
high variability and low discriminability of verb categories. As such, the specific meaning of a
verb may not be well represented by a single exemplar. Consistent with how humans gradu-
ally acquire word meanings over multiple exemplars, we aggregate exemplars by taking their
arithmetic mean to examine the change in alignment strength as a function of the number of
exemplars.

For visual aggregation, we form well-learned stable linguistic prototypes by aggregating
20 linguistic exemplars per category. We then calculate the relative alignment strength of the
system as a function of how many visual exemplars are provided (Fig 3C). For nouns, the
observed true mapping has a higher alignment strength than nearly all of the permuted map-
pings even with just one visual exemplar per category; additional exemplars produce little
improvement in the alignment strength. In contrast, the alignment strength is quite low for
verbs with one visual exemplar per category; however, additional exemplars produce a pro-
gressive increase in the alignment strength. Indeed, at the point at which eight visual exem-
plars per category are aggregated, the alignment strength of the verb system approaches that
of the noun system.

Mirroring visual aggregation, with well-learned visual prototypes formed by 20 exemplars
per category provided, the alignment strengths of both nouns and verbs improve as linguistic
exemplars are aggregated (Fig 3D). However, in contrast to visual aggregation, for linguistic
aggregation, we find that one linguistic exemplar per category cannot produce a good map-
ping for the noun system. Rather, three or more linguistic exemplars per category are needed
to build a well aligned noun mapping. This difference in the number of required exemplars
between visual aggregation and linguistic aggregation is consistent with empirical observa-
tions from previous studies showing that 3- and 4-month-old infants can discriminate two
basic-level visual categories (i.e., cats and horses) after 3 exposures to each stimulus image
[37], yet 3- and 4-year-old children cannot understand the meanings of novel words very well
after 12 exposures to the words in storybooks [38]. For verbs, similar to our findings for visual
aggregation, the alignment strength is quite low with one linguistic exemplar per category;
however, additional exemplars produce a progressive increase in the alignment strength.
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Fig 3. Alignment between visual and language modalities. (A) The distribution of alignment strengths of true mappings
(colors) and randomly permuted mappings (grey) with one linguistic and one visual exemplar per category. Nouns are more
well-aligned than verbs. (B) The distribution of permuted mappings (grey) in systems with 8 linguistic exemplars and 8 visual
exemplars aggregated per category. The alignment strength improves considerably as compared to that in the single-exemplar
condition (as in A) for both nouns and verbs. Asterisks represent the mean alignment strengths of the true mappings in both
(A) and (B). As visual exemplars (C) or linguistic exemplars (D) aggregate when the other modality has sufficient exemplars to
form well-learned prototypes, the relative alignment strength, which measures the percentage of permuted mappings that are
less well-aligned than the true mapping, increases and gradually converges to 1.0. The noun system is more well-aligned than the
verb system in early aggregation stages, but the verb system becomes almost as well-aligned as the noun system with a sufficient
number of learning instances. Error bars represent 95% confidence intervals computed by bootstrapping over 1,000 simulations
at each level. (E, F) Relative alignment strength as a function of both the number of linguistic and visual exemplars. Nouns can
become highly aligned with only one visual exemplar and sufficient linguistic exemplars per category. In contrast, sufficient
visual exemplars and sufficient linguistic exemplars are both necessary for the formation of a well-aligned verb system.

https://doi.org/10.1371/journal.pone.0321973.g003
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Two-dimensional aggregation simulations, where both visual and linguistic exemplars are
aggregated, reveal the optimal combination of visual and linguistic exemplars that most effi-
ciently increase alignment strength at different learning stages (Fig 3E and 3F). For exam-
ple, suppose at a given point the gradient points 45 degrees counterclockwise from the x-
axis. In that case, it suggests an optimal 1:1 ratio between visual and linguistic exemplars,
meaning the learner needs both visual and linguistic input equally. Conversely, if the gra-
dient points close to 90 degrees, it indicates that visual exemplars are more impactful, and
adding linguistic exemplars has minimal effect on further increasing alignment strength. We
found that verb systems demonstrate a quasi-symmetric pattern (e.g., the alignment strength
of the verb system with one visual exemplar and eight linguistic exemplars is close to that
of eight visual exemplars and one linguistic exemplar), whereas the noun system displays a
strong bias towards linguistic input (e.g., the alignment strength of the noun system with one
visual exemplar and eight linguistic exemplars is much better than that of the noun system
with eight visual exemplars and one linguistic exemplar). This result is consistent with the
natural partitions hypothesis [9,11], which posits that concrete nouns are naturally indi-
viduated referents and therefore noun learning relies less on learning corresponding visual
categories.

To summarize, aggregating multiple exemplars improves the alignment strength for both
nouns and verbs. Importantly, consistent with the success of children learners over time, with
sufficient exemplars, the visual and linguistic meanings of verbs can be transparently mapped.
This finding contradicts our initial hypothesis, suggesting that there is no inherent global mis-
alignment between visual events and verb usage. The reason is that if such a misalignment
existed, it would not be possible to raise the alignment strength to an almost perfect level, no
matter how many exemplars are provided. Therefore, we conclude that the difficulty in verb
learning largely lies in the challenges of extracting invariant categorical representations of
verbs rather than any misalignment between visual events and verb usage. Supporting this
conclusion, a replication using a second image dataset yields similar qualitative results (refer
to S1 Appendix). These findings are illustrated in S1 Fig, S2 Fig, and S3 Fig. The complete list
of words is provided in S3 Appendix.

Action-based verb representation
Nouns typically denote objects that are stable physical entities. In contrast, verbs typi-
cally denote actions that unfold dynamically over time and space [39]. Consequently, verb
representations derived from static images of actions may miss important aspects of verb
learning. As an illustrative example, single images of “stand” and “walk” are visually sim-
ilar, but the two actions are easily distinguishable from each other in videos. However, it
is also possible that a few “key frames” depicting the most diagnostic information may be
sufficient to learn the meaning of a verb. Videos may be less efficient than images because
they contain irrelevant background objects and actions that may make learning more
challenging. To explore these questions, we replicate our analyses using 305 action words
from a video dataset, Moments in Time [40], and examine whether the dynamic nature
of verbs impacts the alignment of the verb system. The complete list of words is provided
in S4 Appendix.

Representations derived from videos of actions (MiT) exhibit a similar alignment pattern
to representations derived from static images (VG Verbs): the alignment strength is low at
first, but improves incrementally and ultimately hits the ceiling after multiple linguistic/visual
exemplars are aggregated (S2 Fig). Notably, consistent with the idea that action dynamics are
helpful in verb learning, the number of exemplars per category required for good mapping
using videos is fewer compared to the number required using static images. This suggests that
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videos do carry dynamic information that is relevant to verb meaning and therefore support
verb learning better than static images.

Unpacking the contributions of different factors
Our analyses demonstrate that multiple factors, including variability, discriminability, and
alignment strength, reflect important characteristics of word learning. Furthermore, a wide
variety of studies have documented that word frequency is a significant predictor of when
a word will be learned [41–45]. To answer the ultimate question of what drives early word
learning, we use a gradient-boosted trees model, “XGBoost” [46], to run a regression analysis
that takes into account all of these factors, as well as word frequency and word type to predict
the learnability of words. As a proxy for the learnability of words, Age of Acquisition (AoA)
is measured using CHILDES [47], a child-directed speech corpus. Following previous liter-
ature [42], AoA is defined as the age at which 50% of children in the corpus demonstrate an
understanding of a given word.

For better interpretability of results, we adopt SHAP (SHapley Additive exPlanations) [48]
method to visualize the predictions made by the model. Fig 4A illustrates the contribution
of each factor in predicting AoA. Each dot corresponds to one word category, and the posi-
tion of the dot regarding 0 on the x-axis reflects whether this factor positively or negatively
contributes to the value of AoA. Consistent with previous studies, we find that frequency is a
reliable predictor of AoA: words with high frequencies typically have low AoAs. Word type is
also distinctly associated with the learnability of words: without other information, knowing a
word is a verb always increases the expected AoA of the word.

Because the contributions of other factors are less obvious visually, we compute the global
importance of each factor by calculating the mean of absolute SHAP values of each factor
across all words (Fig 4B). All factors, with the exception of linguistic discriminability, are cor-
related with AoA as hypothesized: word frequency, alignment, and visual discriminability

Fig 4. Visualization of feature contributions in word learning. An XGBoost model was trained to predict the learnability of words as measured by Age of
Acquisition (AoA). SHAP (SHapley Additive exPlanations) [48] values were computed to interpret the relative contribution of each feature. (A) Summary of the
importance of all features in predicting AoA. Each dot represents one word category. If the SHAP value of a category with regard to a particular feature is positive,
then this feature positively impacts the predicted variable in this observation and vice versa. For instance, frequency negatively influences AoA because high word
frequency generally corresponds to a low SHAP value (“type” refers to word type with verbs encoded as 1 and nouns encoded as 0). (B) Global feature importance
quantified by the mean absolute SHAP values of each feature across all word categories. Features that are positively correlated with the predicted variable (AoA)
are colored red, while features that are negatively correlated with AoA are colored blue.

https://doi.org/10.1371/journal.pone.0321973.g004
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positively impact AoA, while visual variability, word type, and linguistic variability negatively
impact AoA. Interestingly, visual variability is such a strong predictor of AoA that it is compa-
rable to word type in magnitude. In contrast, both visual and linguistic discriminability show
only a small contribution in predicting AoA, which may explain the incorrect prediction of
our model with respect to the impact of linguistic discriminability.

Compared to the effects of factors with established benchmarks (word frequency and word
type), visual variability appears to be the most important among the additional factors we
considered. At the same time, alignment and linguistic variability are also reliably associ-
ated with the difficulty of learning words, while neither visual discriminability nor linguistic
discriminability predicts when a word will be learned.

Discussion
A long-standing question in the study of language development is why verbs are harder to
learn than nouns. In this paper, we examine the relative contribution of three sources of infor-
mation: (1) the structure of visual categories in the world to which language refers; (2) the
structure of language itself; and (3) the interplay between visual and linguistic information.
Supporting the natural partitions hypothesis, which states that nouns associated with con-
crete objects are easy to acquire because they are naturally consistent and individuated refer-
ents [9,11,12], we demonstrate that for nouns: (1) robust mappings between nouns and cor-
responding visual objects can be established with just one encounter with the visual object;
(2) robust mappings between nouns and corresponding visual objects can be established with
a relatively small number of encounters with linguistic instances for each noun; (3) grasp-
ing word meanings, rather than visual object recognition, is the main obstacle to overcome
in noun learning. In contrast, verbs associated with dynamic events are held to be harder to
acquire because they are more variable. That is, the actions themselves and the identity of the
agents performing the actions and the patients receiving the actions vary across different con-
texts. Supporting this hypothesis, an examination of embedding spaces demonstrates that
verbs are more visually variable than nouns. More generally, we find that all three factors dis-
cussed above contribute to the difficulty of word learning, but visual variability is the most
predictive of the age at which children learn individual words. This finding is consistent with
earlier observations that more imaginable concepts (evoking mental images more easily) are
acquired more rapidly and earlier in development [12,39].

Another theoretical point is that verbs are hard to learn because they make a selection of
both particular objects in the environment and the relationships between those objects. This
is different from nouns, which involve a direct mapping between words and unitary visual
objects. Reflecting this difference between verbs and nouns, there is evidence that the selec-
tion of particular properties of actions emphasized by verbs varies across languages while
nouns are relatively consistent cross-linguistically [9,11,18]. One implication of this theory is
that children need to put more effort into identifying the core properties of verb categories as
they learn a language (e.g., attending more to the structure of visual examples of verbs and to
the larger context of linguistic examples). However, our results suggest that increased atten-
tion or other forms of effort to identify core properties of verbs are not necessarily a difficulty
to the effective acquisition of verb meanings. We demonstrate that mapping referents with
verbs can be resolved by exemplar aggregation, suggesting that the main difficulty in learning
verbs lies in the challenge of extracting invariant categorical representations of verbs rather
than any inherent global misalignment between visual events and verb usage. In other words,
the way by which the English linguistic space is carved up is not arbitrary and is, in fact,
structured similarly to how events visually appear to be. To better understand what kinds of
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relational information are selected to lexicalize events and how that may affect language learn-
ing, future studies should pursue cross-linguistic comparisons. It is also possible that align-
ment strength as a global measurement is not sensitive to local distortions (children may con-
fuse “push” with “pull” but are less likely to confuse “push” with “run”), so more fine-grained
analyses would be helpful in addressing this question.

Our analyses leverage neural network derived representations to simulate how a learner
might encounter noun and verb exemplars in real life and extract key information. Although
the physical architectures and training objectives of human brains and neural networks clearly
differ, both must efficiently capture statistical patterns from sensory inputs to support down-
stream tasks. As a result, they produce representations that, while potentially differing in
form, often encode similar underlying information. Some recent evidence indicates that mod-
els performing better on downstream tasks exhibit representations more closely aligned with
human neural activity [49,50]. It is also important to note that each neural network, con-
strained by its architecture, training algorithm, and the dataset used for training, instantiates
only one way of representing an image or a word. These underlying assumptions can intro-
duce biases into subsequent analyses. However, models with a greater number of parame-
ters and more diverse training data may help to mitigate these limitations, as they are less
likely to be biased towards a specific subset of stimuli and their representations encode more
comprehensive and nuanced information.

Our present work stands in contrast to previous studies on early language acquisition that
generally relied on a limited number of case studies or in-lab experiments where stimuli were
designed and manipulated manually. Instead, we sample learning exemplars of a relatively
large number of words from large corpora and use artificial neural networks that were trained
in an unsupervised fashion to allow representations to emerge bottom-up. Most importantly,
by encoding visual and linguistic information in the same representational form, our quanti-
tative analyses provide an integrative view, rather than an all-or-nothing mindset, on the dif-
ficulties that children face in acquiring nouns and verbs. As such, our approach opens a new
door for resolving the long-lasting debate on why verbs are harder to learn than nouns.

The mechanisms underlying children’s rapid word learning are undoubtedly more com-
plex than what we have considered in our analyses. For example, our main focus is on word-
level semantic learning and does not take into account other documented factors, including
inflectional morphology [51], syntactic constructions [52], and the ease with which a word
can be segmented from a continuous speech stream [53]. Moreover, in our approach, chil-
dren are treated as passive learners in that we only examine language comprehension; factors
such as interactions between children and parents/caregivers [54,55] and children’s inten-
tions [56,57] are also likely to play a role in guiding language learning. In addition, while our
work effectively explains the general trend of why nouns are typically learned earlier than
verbs, it does not account for finer-grained effects, such as certain verbs being learned ear-
lier than some nouns or how early-learned nouns and verbs may facilitate the acquisition of
other words [58]. However, the primary contribution of our study lies not only in our results,
but in presenting a methodological framework for exploring early language acquisition. This
framework is flexible and can be readily applied to investigate specific subsets of words. For
instance, it could be used to compare early- and late-learned words or to analyze how the first
acquired words contribute to the learning of subsequent vocabulary. We believe this approach
is an important step forward and has the potential to model a wide range of phenomena in
language development and broad concept learning.
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Materials and methods
Datasets and models
Visual Genome (VG) was used as the dataset to sample visual images of nouns and verbs [36].
Images in VG have dense annotations of objects and relationships between objects in the form
of Wordnet Synset [59], which lemmatizes synonymous concepts. We selected the 210 verbs
that appear no less than 20 times in the whole dataset to form the verb system. Because nouns
are generally more frequent than verbs, we selected the most frequent 210 nouns to ensure the
size of the noun system is the same as the size of the verb system. The region of interest (ROI)
of a noun is determined by the bounding box of the annotated object, and the ROI of a verb is
determined by the union of the bounding boxes of any agents and/or objects that take part in
the verb.

The video dataset we used is Moments in Time (MiT), which includes a collection of one
million three-second video clips [40]. Each video clip features only one action and was anno-
tated with one of 305 action words. Considering the length of videos, the visual representation
of each video was generated by taking the arithmetic mean of the visual representations of 8
frames uniformly sampled from the video.

Visual representations were derived from a neural network based on ResNet-50 architec-
ture [60]. The network was pre-trained in an unsupervised fashion by an algorithm called
Swapping Assignments between Views on the ImageNet ILSVRC2012 dataset [34]. The unsu-
pervised training paradigm ensures that the model was trained only to encode low-level visual
features (e.g., colors, dots, edges).

For language data, we sampled texts that contain the 210 nouns/verbs fromWikipedia arti-
cles. We defined the context of a word to be the 25 words that precede the target word and the
25 that follow it, which sums up to a window of 51 words.

Bidirectional Encoder Representations from Transformers (BERT) [27] was employed to
extract language representations of words because of its ability to produce contextual-sensitive
embeddings as the contexts of the target word change. We obtained the pre-trained uncased
BERT model from the Transformers library [61]. We used the hidden states of the last layer
before the language modeling head as the embedding of the target word.

Visualization in schematic diagram
We used representations from real data to illustrate our hypotheses. For each category,
20 exemplars were sampled and t-SNE was applied to project representations to a two-
dimensional plane. Data were assumed to follow 2D Gaussian distributions for the estimation
of parameters of ellipses. Embeddings in the same modality were plotted on the same scale
for visual comparison. Linguistic representations from BERT were taken as an example for
demonstration in panel A and panel B.

Variability and discriminability
We quantified the structure of embedding spaces by two metrics: the variability of indi-
vidual categories, which is computed as the average Euclidean distance from exemplars to
category centroids, and the discriminability of different categories, which is computed as
the average Euclidean distance from all exemplars in each category to category centroids
of all other categories. Mathematically, given a system of N words,W = {w1,w2,⋯,wN},
with P linguistic exemplars L = {l11,⋯, l1P, l21,⋯, l2P,⋯, lNP} and Q visual exemplars V =
{v11,⋯, v1Q, v21,⋯, v2Q,⋯, vNQ} for each category, linguistic category centroids LC =
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{lc1,⋯, lcN} and visual category centroids VC = {vc1,⋯, vcN} are computed as

lci =
1
P

P
∑
j=1

lij, vci =
1
Q

Q

∑
j=1

vij

Linguistic variability and visual variability are then defined as

lvi =
1
P

P
∑
j=1

dist(lij, lci),

vvi =
1
Q

Q

∑
j=1

dist(vij, vci)

while linguistic and visual discriminability are defined as

ldi =
1

(N – 1)P

N
∑
j=1
j≠i

P
∑
k=1

dist(ljk, lci),

vdi =
1

(N – 1)Q

N
∑
j=1
j≠i

Q

∑
k=1

dist(vjk, vci)

where dist computes the Euclidean distance between two points in an embedding space.

Alignment strength
To estimate the alignment between words’ linguistic and visual representations, we used a
metric termed “Alignment Strength”, which asks whether words’ linguistic similarities are
correlated with their visual similarities. Computationally, we first constructed the similarity
matrices of representations within the visual modality, SV, and language modality, SL, respec-
tively by computing the pairwise cosine similarity of representations. The alignment strength
was then computed as Spearman’s rank correlation between the upper triangle of SV and SL.

The relative alignment strength is defined as the percentage of misaligned mappings that
have lower alignment strength than the true mapping system. For each true mapping, we
randomly sampled 1,000 mappings that were misaligned (e.g., the visual “dog” mapped to
language “cat” while the visual “cat” mapped to language “dog”), and then computed the
alignment strength of those misaligned systems as a reference for the true mapping.

We randomly sampled 1,000 systems to estimate the alignment strength of systems with 1
visual exemplar and 1 linguistic exemplar per category (Fig 3A). Similarly, we randomly sam-
pled 1,000 systems to estimate the alignment strength of systems with 8 visual exemplars and
8 linguistic exemplars per category (Fig 3B).

Exemplar aggregation
Exemplar aggregation was achieved by taking the arithmetic mean of exemplars from the
same category. For visual aggregation, we first created stable linguistic prototypes from 20
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linguistic exemplars per category (post-hoc experiments confirmed that 20 exemplars per cat-
egory can form well-learned linguistic prototypes). Instead of forming systems by purely ran-
dom sampling, we incrementally added one visual exemplar to the existing system and com-
pared the alignment strength of the true system with 1,000 permuted mappings to simulate
the learning process of humans. We ran 1,000 simulations for each level of number of visual
exemplars. The manipulation of linguistic aggregation was identical to visual aggregation,
where the roles of visual modality and language modality were exchanged.

The procedure for two-dimensional aggregation was also similar, where 500 simulations
were run for each possible combination of number of visual exemplars and number of linguis-
tic exemplars.

Regression analysis
AoAs were measured directly from children’s utterances in child-directed speech by vocabu-
lary data retrieved from the Wordbank database [62]. Specifically, AoA is defined as the age
at which 50% of children in the corpus demonstrate understanding of a given word, following
previous literature [42]. Estimates of the frequency of words that children hear were based on
parental/caregivers’ speech transcripts from the CHILDES database [47].

Instead of conventional linear models, we chose a type of gradient-boosted tree model
called XGBoost [46] for the regression analysis because tree-based models make fewer
assumptions about the relationship between input and output and are immune to the issue of
multi-collinearity, which is especially important when a large number of predictor variables
are involved. The XGBoost model was trained for 10,000 runs with a max depth of 10 and a
learning rate of 0.02.
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