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Abstract

Since the advent of Large Language Models
(LLMs), much work has been devoted to com-
paring the linguistic abilities of humans and ma-
chines. Figurative language, which is known to
rely on pragmatic inferential processes as well
as lexical-semantic, sensorimotor, and socio-
cognitive information, has been often used
as a benchmark for this comparison. In the
present study, we build on previous behavioral
evidence showing that both distributional and
sensorimotor variables come into play when
people are asked to produce novel and apt
metaphors and examine the behavior of LLMs
in the same task. We show that, while distribu-
tional features still hold a special status, LLMs
are insensitive to the sensorimotor aspects of
words. This points to the lack of human-like
experience-based grounding in LLMs trained
on linguistic input only, while offering fur-
ther support to the multimodality of conceptual
knowledge involved in metaphor processes in
humans.

1 Introduction

Large language models (LLMs)’s outstanding abil-
ities to solve increasingly complex linguistic tasks
(Bubeck et al., 2023; Marvin and Linzen, 2018;
Srivastava et al., 2022; Strachan et al., 2024; Webb
et al., 2023) have given rise to a theoretical debate
on how their skills compare to those of humans
(Birhane and McGann, 2024; Mahowald et al.,
2024; Mitchell and Krakauer, 2023).

One main point of debate is that, while human
linguistic knowledge is acquired through multi-
modal (sensory, motor, emotional, verbal, etc.)
sources (Barsalou, 2008), most LLMs are trained
on huge amounts of text only (Bender and Koller,
2020; Bisk et al., 2020), questioning whether LLMs
can be considered psychologically valid models of
cognition (Bolhuis et al., 2024; Cuskley et al., 2024;
Lake and Murphy, 2023).

Pragmatic skills, namely the ability to under-
stand the context-dependent meaning of utterances,
including non-literal expressions, have been taken
as an ideal test bed to explore the high-level lin-
guistic abilities of LLMs (Barattieri di San Pietro
et al., 2023; Liu et al., 2022). Importantly, inter-
preting non-literal meaning might require skills
beyond determining statistical regularities in lan-
guage. Theoretical pragmatic accounts have high-
lighted the context-bound nature of pragmatic
reasoning (Gumperz, 1982), the need for meta-
representation of the speaker’s intention (Sperber,
1994), and the potential presence of imagistic pro-
cesses alongside purely verbal processes (Carston,
2018; Gibbs Jr and Matlock, 2008; Paivio and
Walsh, 1993). These claims are supported by neu-
roimaging experimental evidence that showed, for
non-literal meaning processing, activations of brain
circuits linked to mental imagery (Mashal et al.,
2014) as well as Theory of Mind skills, namely the
ability to attribute mental states to others (Bambini
et al., 2011; Enrici et al., 2019; Van Ackeren et al.,
2012).

Among pragmatic phenomena, figurative lan-
guage and metaphors are of particular interest.
Metaphors are non-literal uses of language that
require a context-driven adjustment of the lexi-
cally encoded concepts to grasp the interlocutor’s
intended meaning (Wilson and Carston, 2007).
Most studies, including this one, focus on nom-
inal metaphors that involve two terms – a topic and
a vehicle – in the form “X is Y”. In a metaphor
such as “Lawyers are sharks”, the concept evoked
by the vehicle “sharks” is adjusted by dropping
semantic features that are not salient based on the
context – e.g., “swims” and “has a fin” – while
promoting features leading to the intended mean-
ing, such as “aggressive” and “ruthless”. Studies
showed that, in addition to lexical-semantic pro-
cesses, sensorimotor processes also have a role in
metaphor processing (Battaglini et al., 2025; Al-
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Azary and Katz, 2021). For example, Al-Azary and
Katz (2021) showed that the bodily-action aspects
of words are active when processing low-familiar
metaphors.

The metaphoric processing abilities of LLMs
have been widely investigated (Carenini et al.,
2023; Ichien et al., 2024; Neidlein et al., 2020;
Prystawski et al., 2022; Wachowiak and Gromann,
2023). LLMs exhibit high accuracy in identifying
and interpreting metaphors, yet their performance
may rely on different mechanisms compared to
humans, as shown by different patterns of errors
(Barattieri di San Pietro et al., 2023; Liu et al.,
2022) or the need for psychologically informed
paradigms to improve their responses (Prystawski
et al., 2022).

Compared to metaphor identification and inter-
pretation, metaphor production is a less investi-
gated area, both in humans and machines. Exam-
ining how people construct metaphors, and which
semantic features guide the process of metaphorical
conceptualization, may shed further light on high-
level language skills and the role of multimodality,
and therefore is a fertile ground for comparison
with LLMs.

Katz (1989) investigated metaphor production
with a vehicle selection paradigm, (i.e., asking par-
ticipants to produce a metaphor by selecting the
metaphor vehicle word among a given set), and
found that participants tend to choose concrete
words with a moderate semantic distance from the
topic. Expanding the study of the semantic features
at work in metaphor production, Al-Azary and Katz
(2023) investigated the role of semantic richness,
namely the amount of semantic information carried
by a word (Yap et al., 2012). Specifically, they
used two variables reflecting different aspects of se-
mantic richness: Semantic Neighborhood Density
(SND) and Body-Object Interaction (BOI). SND
was defined as high (dense) or low (sparse), based
on the average distance between the word and its
semantic neighbors (Buchanan et al., 2001). Body-
Object Interaction is a normed variable, derived
from human ratings, that indicates the ease with
which a human body can physically interact with a
word’s referent (Siakaluk et al., 2008), thus reflect-
ing sensorimotor richness. Humans are more likely
to experience physical interaction with the refer-
ent of a high-BOI word such as ‘umbrella’ rather
than that of a low-BOI word such as ‘volcano’.
They found that participants prefer vehicles with
low SND and low BOI, like ‘cloud’ or ‘rainbow’

(rather than high-BOI high-SND words like ‘pil-
low’), resulting in metaphors such as ‘Boredom is a
cloud’ or ‘Persuasion is a rainbow’. This indicates
that humans are sensitive to both sensorimotor and
linguistic richness, as expressed by high SND and
high BOI, in metaphor production.

In this study, we tested LLMs in the same
metaphor production task to examine whether dis-
tributional and sensorimotor features of words,
which are relevant for human participants, drive
metaphor production in LLMs as well, and whether
LLMs show the same direction of effects.

2 Methods

We reproduced the behavioral experiments of the
study by Al-Azary and Katz (2023) on LLMs by
prompting four models within the open-source fam-
ily of GPT2 models developed by OpenAI (Rad-
ford et al., 2019).

2.1 Material

Materials were taken from the original study. The
set of stimuli included 36 topics and 48 potential
vehicles. Topics were abstract words, as assessed
by low concreteness ratings in the Brysbaert et al.
(2014) dataset. Moreover, topics were balanced in
terms of SND values extracted from the WIND-
SORS database (Durda and Buchanan, 2008), with
half of them with low SND and half with high SND.
Vehicles were concrete words, as assessed by high
concreteness ratings in the Brysbaert et al. (2014)
dataset and were balanced in terms of both SND
values (Durda and Buchanan, 2008) and Body-
Object Interaction (BOI) values, extracted from
the databases by Bennett et al. (2011) and Tillot-
son et al. (2008), resulting in four combinations of
12 vehicles each. An example of each category of
topic and vehicle is provided in Table 1.

2.2 Models

We employed four pre-trained transformer-based
language models developed by OpenAI (Radford
et al., 2019): GPT2 (124M parameters), GPT2-
medium (355M parameter), GPT2-Large (774M
parameters), and GPT2-XL (1.5B parameters).
These models differ only in architecture scale: the
number of layers, hidden dimensions, and parame-
ters increases progressively, while the training data
and objectives remain constant. Specifically, these
models are trained on WebText, a large corpus of
English created by scraping 45 million links from
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Topic
(abstract)

Low SND Nostalgia

High SND Empathy
Vehicle

(concrete)
High SND - High BOI Seed

High SND - Low BOI Butterfly

Low SND - High BOI Umbrella

Low SND - Low BOI Lighthouse

Table 1: Examples of topics and vehicles presented in
the experiment and their respective semantic conditions.
Note: SND = Semantic Neighborhood Density; BOI =
Body-Object Interaction.

Reddit. Differently from larger GPT models, GPT2
models provide access to the probability distribu-
tions over strings of words, a way of testing LLMs’
capabilities proven to be more reliable than prompt-
ing alone (Hu and Levy, 2023).

2.3 Procedure
In the original study, human participants were pre-
sented with the topic and the set of 48 vehicles, and
they were asked to choose one of the vehicles to cre-
ate a comprehensible and apt metaphor, resulting
in 36 unique metaphors produced. To replicate this
experimental paradigm, we prompted the model
with the string "TOPIC is a/an" and we collected
the likelihood scores of each candidate vehicle. For
each topic, we then extracted, the normalized prob-
ability distribution over the whole set of vehicles.
Probabilities were normalized using a softmax-like
transformation with a temperature parameter τ =
0.05 to control sharpness. We randomized vehicle
order to reduce ordering bias and used a fixed seed
(set prior to execution) to ensure reproducibility.
The code was adapted from Carenini et al. (2023).
Even if GPT models are not explicitly instructed to
produce a metaphor, all possible candidates given
the prompt "TOPIC is a/an" form a metaphorical
expression. Thus, we expect that the models, when
completing the prompt in the most likely way as
they are trained to do, will provide us with what
the LLM consider the most comprehensible and apt
metaphor among the possible metaphorical combi-
nations.

2.4 Statistical Analysis
To test whether LLMs choose vehicles according
to the semantic features of both topics and vehi-
cles, we fit a set of Linear Mixed Models using

lme4 and lmerTest packages (Bates et al., 2015;
Kuznetsova et al., 2017) for each GPT2 model, sep-
arately. We consider the z-scaled probability of the
vehicle as the dependent variable and Topic SND,
Vehicle SND, and Vehicle BOI as interacting cate-
gorical predictors. A random intercept was added
to account for the variability of individual vehicles.
The resulting formula was: lmer(probability ∼ vehicle-SND

* vehicle-BOI * topic-SND + (1|vehicle). Alpha level was set at
.05.

3 Results

The fitted linear mixed models showed a main ef-
fect of SND of the vehicles for GPT2-Medium (β
= 0.64, t = 2.316, p = 0.025), GPT2-Large (β =
0.612, t = 2.264, p = 0.029), and GPT2-XL (β =
0.589, t = 2.159, p = 0.036). These three models
showed a higher probability of choosing low-SND
vehicles compared to high-SND (Figure 1).

Figure 1: Effect of Vehicle SND on z-scaled probabil-
ities of choosing vehicles extracted from GPT2-Large.
Similar patterns are observed in the other GPT2 models.

Concerning GPT2, the linear mixed model
showed an interaction between Topic SND and
Vehicle SND (β = -0.056, t = -2.321, p = 0.020),
meaning that GPT2 assigned higher probabilities
to low-SND vehicles when completing metaphors
with high-SND topics.

No effect of vehicle BOI was found for all four
GPT2 models, regardless of their size. Some ex-
amples of the metaphors produced by models (and
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by humans from the original Al-Azary and Katz
(2023) study) can be found in Appendix A.

4 Discussion

In this work, we examined the role of distribu-
tional (SND) and sensorimotor (BOI) variables
in metaphor production by LLMs. To do so, we
prompted four models of the GPT2 family with
a metaphor production task from Al-Azary and
Katz (2023). In the original study, they found that
human participants, when asked to choose a vehi-
cle to construct an apt metaphor, tend to rely on
both SND and BOI, preferring vehicles with low
values in both variables. Differently, LLMs are
not sensitive to BOI values, equally choosing low-
and high-BOI words as vehicles, but showing a
preference for low-SND vehicles, as humans do.
In other words, LLMs align with human partici-
pants in choosing low-SND words such as ‘puz-
zle’, yet, they assign similarly high probabilities to
metaphors like "Boredom is a vacuum" (high BOI)
and "Persuasion is an eagle" (low BOI), showing
no sensitivity to BOI values — in contrast to hu-
man participants, who preferred metaphors with
low-BOI words such as "Boredom is a cloud" and
"Persuasion is a butterfly".

In their original study, Al-Azary and Katz (2023)
argued in favor of an advantage of low semantic
richness in the emergence of metaphorical mean-
ing. In line with that, Al-Azary and Buchanan
(2017) showed that semantic richness, operational-
ized as a greater number of closer semantic neigh-
bors (high SND), hinder the comprehensibility of
metaphors, in that the adjustment process to derive
the intended meaning in semantically rich concepts
is more costly compared to semantically less-rich
concepts, as many more features of the word need
to be discarded (Kintsch, 2000), hence leading to
a preference for low semantic richness (confirmed
in studies on literary metaphors (Reid et al., 2023;
Mangiaterra et al., 2024)).

Similarly, LLMs seem to adhere to the tendency
toward low semantic richness exhibited by humans
both in comprehension (Al-Azary and Buchanan,
2017) and production (Al-Azary and Katz, 2023).
However, LLMs do so by relying only on the distri-
butional features of words (SND) rather than their
sensorimotor content (BOI). This pattern did not
change across the four GPT2 models employed in
this study, suggesting that the ability to rely on
sensorimotor-relevant features is not significantly

enhanced by simply model scale. Although we did
not find evidence of sensorimotor effects LLMs
in this task, we cannot rule out sensorimotor ef-
fects in other tasks, which can be an area of fu-
ture research. However, the lack of ability of the
four GPT2 models to modulate experience-based
aspects of vehicles is in line with previous work
tackling (embodied) cognition in language mod-
els. Xu et al. (2023) found that, while language
models have human-like representations of words
in non-sensorimotor domains, they do not align
with respect to words related to sensory and mo-
tor domains. Similarly, Lee et al. (2025) showed
that even if models could approximate human per-
ceptual ratings, they do so by relying more on lin-
guistic cues. Even multimodal LLMs fall behind
human performance in classical tasks exploring the
activation of implied sensorimotor features of con-
cepts in language processing (Jones et al., 2024).
There is also specific evidence of a poor handling
of sensorimotor experience in LLM’s processing
of metaphor. For instance, Barattieri di San Pietro
et al. (2023) found that ChatGPT performs better on
metaphors expressing a psychological characteris-
tic of the topic compared to metaphors capitalizing
on physical features. All of these studies employed
larger models compared to the GPT2 models used
in the present work, confirming that even if scaling
improves language performance, some sensorimo-
tor aspects cannot fully emerge from training on
textual input or input from visual modality only.

The role of both disembodied (SND) and em-
bodied (BOI) sources of linguistic knowledge in
metaphor production in humans (Al-Azary and
Katz, 2023) supports the theoretical account of the
“dual coding theory” (Paivio, 1979), namely the
perspective according to which the nature of con-
cepts is both symbolic and imagistic. Our results
on LLMs may provide evidence in support of these
claims about the nature of conceptual representa-
tion, as well. On the one hand, GPT2 models have
access to verbal input, and this is reflected in their
human-like behavior with respect to distributional
aspects of words, meaning that a certain portion
of linguistic abilities may have a purely disembod-
ied nature and can be acquired with exposure to
text only. On the other hand, a certain part of lin-
guistic skills in humans is linked to sensorimotor
experience, and the necessity of this experience for
human-like linguistic behavior is reflected in the
absence of these aspects in language models, which
lack this source of knowledge. This implies that
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even huge amounts of linguistic input cannot re-
place the multimodal sources from which linguistic
knowledge is acquired in humans.

A suggestive hypothesis arising from the data is
that LLMs may behave in a way similar to humans
with low imagery and high vocabulary skills. Inter-
estingly, electrophysiological and behavioral stud-
ies accounting for individual differences reported
that different profiles emerge in metaphor process-
ing (Battaglini et al., 2025) and that a greater re-
liance on the semantic/distributional route may also
be present in humans. Shen et al. (2015) found
that participants with low mental imagery abili-
ties showed a greater neurophysiological response
linked to semantic mismatch and no imagery ac-
tivations when processing metaphors, while high-
vocabulary participants are found to be less sensi-
tive to sensorimotor features of words (Frau et al.,
2025) but more sensitive to their semantic neigh-
bors (Pexman and Yap, 2018).

This work confirms the importance of the study
of figurative language and metaphorical abstrac-
tion to disentangle the subtle aspects of linguistic
processing that distinguish between a formal and
a functional human-like competence of language
in large language models (Mahowald et al., 2024).
The evidence reported in this study may add to
the broader debate on which aspects of human lan-
guage abilities LLMs are actually modeling (Dove,
2024). In particular, our results suggest that LLMs
may be a valid model in cognitive science for those
linguistic aspects relying on distributional features,
while their limitations should be taken into account
when considering language skills that require a
multimodal conceptual representation.

5 Limitations

First of all, in the experiment, we chose to employ
GPT2 models and, even if scaling does not nec-
essarily improve human-like grounding (see Dis-
cussion), larger or multimodal models could pro-
vide different results for our metaphor production
task. Moreover, all of the vehicles used in the task
are concrete words and thus they potentially carry
sensorimotor information, regardless of their BOI
differences. So, the lack of sensitivity to this fine-
grained feature does not exclude the possibility of
a more general concreteness effect as found in Katz
(1989). In addition, the use of only concrete words
as vehicles did not allow us to explore the role of
other experiential variables typically found in ab-

stract words (e.g., emotional and interocepective
properties) that may contribute to the processes
at work in metaphor production for humans and
machines.
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A Appendix

Examples of metaphors with higher probability
assigned by GPT2
Boredom is a vacuum (High BOI -Low SND)
Persuasion is an eagle (Low BOI – Low SND)
Prestige is a tiger (Low BOI – Low SND)
Destiny is a bicycle (High BOI – High SND)
Narcissism is a lighthouse (Low BOI – Low SND)
Sadness is a puzzle (High BOI – Low SND)

Examples of metaphors produced by humans
Boredom is a desert (Low BOI – Low SND)
Persuasion is a butterfly (Low BOI – Low SND)
Prestige is a rainbow (Low BOI – Low SND)
Destiny is a seed (High BOI – Low SND)
Narcissism is a volcano (Low Boi- High SND)
Sadness is a cloud (Low BOI – Low SND)
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