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To what extent can language give rise to complex conceptual
representation? Is multisensory experience essential? Recent large language

models (LLMs) challenge the necessity of grounding for concept formation:
whether LLMs without grounding nevertheless exhibit human-like
representations. Here we compare multidimensional representations of
~4,442 lexical concepts between humans (the Glasgow Norms', N = 829; and
the Lancaster Norms®, N = 3,500) and state-of-the-art LLMs with and without
visual learning, across non-sensorimotor, sensory and motor domains.

We found that (1) the similarity between model and human representations
decreases from non-sensorimotor to sensory domains and is minimal in
motor domains, indicating a systematic divergence, and (2) models with
visual learning exhibit enhanced similarity with human representationsin
visual-related dimensions. These results highlight the potential limitations
oflanguage inisolation for LLMs and that the integration of diverse
modalities can potentially enhance alignment with human conceptual

representation.

Imagine learning about the concept of ‘flower’ without ever smell-
ing arose, touching the petals of a daisy or walking through a field
of wildflowers. Can we truly represent the concept ‘flower’ in all its
richness without sensorimotor experiences? This question invokes a
longstanding debate about the interplay between physical experience
and conceptual representation. On the one hand, theories of grounded
cognition posit that our senses are our gateways to knowledge’; the
physical experience of ‘flowers’ is integral to how we represent and
process them. On the other hand, research with disembodied artificial
neural network models*~ and congenitally blind and partially sighted
people’'° show that learners can form conceptually rich representa-
tions from language alone, independent of direct sensory experience.
For example, studies show that individuals born with limited vision

can represent and respond to colour concepts similarly to those who
cansee®'°. When sensorimotor inputis absent, to what extent can lan-
guage alone informour conceptual representation of the world? How
indispensable is bodily experience in shaping our conceptual world?

Disentangling the various sources for conceptual formation is
challenging. Although studies involving artificial models or blind and
partially sighted people have provided valuable insights, they have
several limitations. First, they often overlook the multidimensional
nature of conceptual representation. Our representation of concepts
is extensive and complex, encompassing areas not directly tied to sen-
sorimotor experiences, such asemotional arousal and valence linked
to the concept, as well as the direct sensations and actions encoun-
tered in connection with it"'%, For instance, processing the concept of
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‘flower’ may evoke not only the object ‘flower’ itself but also the visual
perceptions of colours and shapes, the actions of touching the flower
by hand and smelling it with the nose, its associated scents, textures,
emotions and memories. Second, the limited scope of words tested,
such as colour words (for example, ref. 9) or object words (for example,
ref. 5) only, restricts external validity, failing to capture the breadth
of concepts encountered in daily life, which encompasses not only
objects and colour words but also action verbs, abstract concepts
and more'>"*", Moreover, there can be potential knowledge trans-
fer across domains, which poses challenges for human-participant
research in achieving rigorous control over the diverse domains
of resources that may contribute to conceptual representation.
Even without visual input, individuals can tap into other sensory
channels such as touch and internal sensations, which have been
shown to correlate with visual knowledge’. Therefore, to better
distinguish between language-derived and sensorimotor-derived
sources, it is crucial to consider a broad range of concept words that
span a wide and systematic spectrum of conceptual representations
(from non-sensorimotor aspects to sensory and motor aspects).

Recent advances in large language models (LLMs) offer a
unique avenue to test the extent to which language alone can give
rise to complex concepts® ™. LLMs have enabled us to (1) estimate
what kinds of structure (and how much) can ultimately be extracted
from large volumes of language alone’®2° and (2) examine how dif-
ferent input modalities (for example, text versus images) influence
learning processes™'. Current LLMs have been trained on massive
amounts of data, either constrained to the language domain (that is,
large-scale text dataasin GPT-3.5and PaLM) or incorporating language
and visual input (for example, GPT-4 and Gemini). Despite these lim-
ited input modalities, these models exhibit remarkably human-like
performance in various cognitive tasks®”' >, In the same way that
LLMs demonstrate the feasibility of learning syntactic structure from
surface-level language exposure alone?**, they may also have the
capability of learning physical, grounded features of the world from
language alone® %, For example, some have argued that language
itself canactasasurrogate ‘body’ for these models, reminiscent of the
largely conceptualized and ungrounded colour knowledge in blind and
partially sighted individuals*®. This perspective aligns with previous
researchemphasizing theimportantrole of language in providing rich
cognitive and perceptual resources®**°. By contrast, others believe that
multimodal experiences are essential for both humans and artificial
models to grasp concepts more efficiently'®***, Unlike current LLMs
such as GPT-3, which rely on vast amounts of text**—equivalent to
20,000 years of human reading®—real-world, interactive experiences
may offer richer, more interconnected conceptual representations that
facilitate knowledge transfer across domains, potentially reducing
the need for such extensive linguistic input in model training.

The above theoretical debates motivate us in this study to inves-
tigate two research questions. The first research question is which
aspects of human conceptual representation can be recovered by
ungrounded state-of-the-art LLMs and which cannot. To address this
question, we compared similarity of representations across ~4,442
word concepts between humans and two state-of-the-art LLM fami-
lies (Fig. 1a) from OpenAl (GPT-3.5 and GPT-4) and Google (PaLM and
Gemini), across a range of dimensions, spanning non-sensorimotor,
sensory and motor domains. The domains were based on categories
established inrefs. 1,2, where each domain consists of several dimen-
sions (see Table1for definitions for each dimension). These dimensions
provide comprehensive coverage for understanding the spectrum of
human lexical-conceptual processing explored in previous studies
(forexample, refs. 34-36), from socio-emotional aspects and abstract
mental imagery, todirect bodily experience (Fig.1c). Importantly, our
classification into ‘non-sensorimotor’ and ‘sensorimotor’ domains
is based on whether the measures directly assess specific sensori-
motor experiences. This operational distinction does not imply that

the ‘non-sensorimotor’ dimensions are devoid of embodiment—a
topic that remains widely explored in current literature (for example,
refs. 37,38). For example, questions that explicitly ask about specific
sensory or motor experiences—such as how one would experience
the concept ‘flower’ through smelling—are categorized under sen-
sorimotor domains because they directly tap into modality-specific
(that is, the typical senses) and effector-specific (that is, the typical
action effectors) bodily experiences. By contrast, questions that do
not directly specify particular sensorimotor experiences—such as
emotional arousal about the concept ‘flower’—are categorized as
non-sensorimotor, though they could relate to bodily states (see the
close relation between emotion and interoceptionin ref. 36). Despite
this potential connection, previous literature shows that compared
with non-sensorimotor dimensions such as concreteness, specific
sensory ratings are more effective in facilitating lexical semantic pro-
cessing”. The second research question is the potential value of addi-
tional visual inputs for concept formation in LLMs trained with both
language and visual input modalities, compared with those trained
solely within the language domain. To address thisresearch question,
we analysed whether the additional visual inputs provided to LLMs
yield stronger alignment with humans on visual-related dimensions.
Finally, we validated the response of the LLMs to ensure the validity of
our results (see Supplementary Information, section 7.3, for discus-
sion on the importance of validation). We report two key findings:
(1) the similarity between LLMs and human representations decreased
fromnon-sensorimotor to sensory domains and was minimal in motor
domains, and (2) the models incorporating visual inputs exhibited
enhanced similarity with human representations in vision-related
dimensions. These findings suggest that learning solely within the
language domain substantially recovers non-sensorimotor aspects
of conceptual representations yet remains impoverished in sensori-
motor aspects, particularly along motor dimensions. Furthermore,
extending experience into the visual domain is associated with LLM’s
improved alignment with human representations in both visual and
related dimensions such asimageability and haptic features, suggest-
ing potential knowledge transfer through multimodal integration.

Results

We collected conceptual word ratings from LLMs (that is, ChatGPT
models: GPT-3.5 and GPT-4; Google LLMs: PaLM and Gemini) and
compared them with ratings generated by humans from the Glasgow*
and Lancaster Norms? (see Methods for further details and Supple-
mentary Information, section 7.1, on how word rating tasks capture
key aspects of conceptual representation). The model prompt and
design (Fig. 1b) for LLMs was standardized to match the instruc-
tions given to human participants, maintaining consistency with
human-participant data collection. Each LLM was separately run for
four rounds to ensure reliability (see Supplementary Information,
section 1, for the agreement between these rounds).

Two common practices for measuring similarity were used to eval-
uate LLM versus human similarity - dimension-wise correlations and
representational similarity analysis (RSA) (‘Model-human alignment
varies across domains’ section). These measures enable the evaluation
of LLM-humansimilarity from several angles: the strength with which
alexical concept is rated within each individual dimension, and how
different lexical concepts are geometrically organized across dimen-
sions. Next, we exploredifthe additional visual inputs provided to LLMs
predict their alignment with humans (‘Linking additional visual training
tomodel-humanalignment’section). We then performed two second-
ary analyses to substantiate the correlations found between human
and model ratings (‘Validation of the results’ section). Given ongoing
debates regarding the distinct roles of grounding in concrete versus
abstract concepts*®*!, we assessed the potential influence of word
concreteness on our primary findings. To ensure the validity of LLMs
as cognitive models**, we adopted standard validation techniques from
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Fig.1| Overview. a, A schematic depiction of the research question and
approach. This study aims to investigate the extent to which human conceptual
representation requires grounding. Icons from Flaticon.com”. b, A schematic
ofthe LLM testing procedure. The model prompt and design were aligned

with theinstructions for human participants, which started with explaining
the dimension and listing the words to be rated. The LLMs would then provide

How imageable
do you think ‘flower’ is?

Introduction

Arousal is a measure of excitement versus calmness. A word is AROUSING if it
makes you feel stimulated, excited, frenzied, jittery or wide awake. A word is
UNAROUSING if it makes you feel relaxed, calm, sluggish, dull or sleepy.
Please indicate how arousing human beings think each word is on a 9-point
scale of VERY UNAROUSING (1) to VERY AROUSING (9), with the midpoint
representing moderate arousal. Please respond using this format: word - rating

Word list

Foxy
Advisor
Habit
Hoof
Humorous
Unit (item)
Swing

Response collection

Foxy - 8
Advisor - 3
Habit - 3
Hoof -2
Humorous - 6
Unit (item) - 2
Swing - 6

Sensorimotor

Sensory Motor

How much do
you experience ‘flower’ using
actions from torso?

How much do
you experience ‘flower’ by
smelling?

ratings per word as required. ¢, The key domains studied span non-sensorimotor,
sensory and motor domains, with specific example questions provided for each
respective domain. The classification into ‘non-sensorimotor’ and ‘sensorimotor’
domains is based on whether the measures directly assess sensorimotor
experiences (see above for more detailed information).

human participant research’ for dimensions with strong model-human
correlations. All Pvalues reported below were corrected for multiple
comparisons by controlling the false discovery rate (FDR)* (Methods).

Model-human alignment varies across domains
Dimension-wise correlations. To assess the similarity of model
word ratings to human word ratings across each dimension, we calcu-
lated the Spearman rank correlation between model-generated
and human-generated ratings at both the aggregate and individual
levels. For the aggregated analyses, the model-generated ratings of
eachword were aggregated by averaging across the four rounds of each
LLM, and human-generated ratings were averaged acrossindividuals.

As shown in Fig. 2a,b, ChatGPT and Google LLMs exhibit strong
correlations (Rs > 0.50) (see Supplementary Table 3 for additional
statistics) with human ratings across most the non-sensorimotor
dimensions. However, they show significantly weaker correlations
in sensory and motor dimensions. This observation is supported by
Mann-Whitney Utests comparing model-human similarities between
the sensorimotor and the non-sensorimotor dimensions (GPT-4:
U(N,=7,N,=11) = 65.00, P=0.018, rank-biserial correlation (r) = 0.69;
GPT-3.5:U(N,=7,N, =11) = 67.00, P= 0.010, r,, = 0.74; Gemini: UN, =7,
N,=11) = 77.00, P< 0.001, r,, = 0.10; PaLM: U(N, = 7, N, = 11) = 76.00,
P<0.00L,r,,=0.97).

We undertook an individual-level analysis to examine the
similarity between human and model conceptual representations
while considering individual variability. We constructed pairwise
Spearman correlations for each pair of individual human participants
(human-human) and each individual run of a model and each indi-
vidualhuman participant (model-human). This process resulted in five
distributions: human-human, GPT3.5-human, GPT4-human,
PaLM-human and Gemini-human pairwise correlations. Using the
human-human correlations asabenchmark for inter-personreliability,
we asked: Are the responses from an individual model more or less
similar to those of an individual human, as compared with the simi-
larity between one human and another? Independent-sample ¢-tests
assessed whether the distributions of model-human similarities signifi-
cantly differ from human-human similarities, and Cohen’s d was used
to quantify the standardized difference between the two (see
Supplementary Table 4 for additional statistics). A negative d value indi-
cates that the model-human similarities are greater than the human-
human similarities for that particular dimension and model.

Figure 3 presents model-human similarity distributions. The
distributions marked with fill-in colours indicate comparisons where
thereisnoevidence thatamodel’s responsestoahumanareless similar
than one human’s responses to another human. The count of these
marked distributions decreased from the non-sensorimotor domain
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Table 1| Definitions of each dimension in Glasgow and
Lancaster Norms

Norms

Domain

Dimension

Definition

Glasgow

Non-sensorimotor

Valence

Value or worth;
representing
something consi-
dered good or bad

Dominance

The degree of control
a word makes you feel

Arousal

Excitement versus
calmness

Size

Dimensions,
maghnitude or extent
of an object or
concept that a word
refers to

Gender

How strongly its
meaning is associated
with male or female
behaviour

Concreteness

A measure of how
concrete or abstract
something is

Imageability

How easy or difficult
something is to
imagine

Lancaster

Sensory

Haptic, auditory,
olfactory,
interoceptive,
visual, gustatory

How much do you
experience everyday
concepts using six
different perceptual
senses

Motor

Foot/leg, hand/
arm, mouth/
throat, torso, head
excluding mouth

How much do you
experience everyday
concepts using
actions from five

different parts of the
body

The two norms have incorporated different numbers of words/concepts in human judgments
with approximately 4/5 of the Glasgow normed words overlapping with those in the
Lancaster Norms (see Methods for details).

dimensions (16 marked model-human distributions out of 28 model-
humandistributions;16/12) to the sensory (4/20) and further decreased
in the motor dimensions (2/18), x*(2) =15.49, P < 0.001. Within the
non-sensorimotor domain’s seven dimensions, there is no credible
evidence showing that GPT-4's model-human similarity distribution
was significantly lower than the human-humandistributioninall seven
dimensions. For GPT-3.5, this held true in four dimensions, for Gemini
inthree dimensions and for PaLMin two dimensions. However, within
the sensory domain’s six dimensions, the count decreased to four for
GPT-4 and to zero for all other models. Within the motor domain’s
five dimensions, the count further dropped to two for GPT-4
and remained at zero for the other models. These individual-level
analyses reveal a growing divergence between models and humans
from non-sensorimotor to sensorimotor dimensions.

RSA. While the above correlations capture model-human similar-
ity over all words in each separate dimension, such dimension-wise
analyses might overlook how different dimensions may jointly con-
tribute to a word’s overall conceptual representation and how differ-
ent words are interconnected. For example, the concepts of ‘pasta’
and ‘roses’ might both receive high ratings for their olfactory quali-
ties. However, ‘pasta’ is considered more similar to ‘noodles’ than
to ‘roses’, not only because of its smell but also because of its visual
appearance and taste. To address thisissue, we adopt the RSA** to fully
capture the complexities of word representations, where dimensions

such assmelland visual appearance are considered jointly as part of a
high-dimensional representation for each word.

RSA allows us to evaluate and compare how the geometric organi-
zation of concept wordsis aligned between models and humans across
the non-sensorimotor, sensory and motor domains. To implement
RSA (Fig. 4a), we represented each word as a vector separately within
the non-sensorimotor, sensory and motor domains. The elements of
these vectors were derived from the ratings of specific dimensions
belonging to eachrespective domain. For example, the sensory vector
for ‘pasta’ consists of ratings from six sensory dimensions (for example,
haptic and auditory). We then constructed representational dissimi-
larity matrices (RDMs) by calculating the Euclidean distance between
word vectors for each model and individual human, capturing word
similarity relationships (for example, ‘pasta’ and ‘noodles’ are more
similar than ‘pasta’ and ‘roses’). The similarity between RDMs of each
modeland eachindividual humanwas calculated via the Spearman rank
correlation. We thus obtained a distribution of similarities between
all human participants and each model separately on each domain.
We conducted two mixed-effects analyses of variance (ANOVAs) to
statistically evaluate the model-human similarities across three
domains, specifically to determine whether these similarities
were lower in the sensory/motor domains compared with the non-
sensorimotor domain. These analyses were performed separately
for the ChatGPTs and Google LLMs, considering ‘domain’ and ‘model’
astwo distinct factors.

For the ChatGPT models, a significant main effect of domain
was observed (F(2,1,704) = 729.72,P < 0.001, qf, = 0.46). Both the
sensory and motor domains showed significantly lower similarities
compared with the non-sensorimotor domain. Specifically, the sensory
domain had lower similarities than the non-sensorimotor domain
(¢(1,526.5) =-2.93, P=0.004, d =-0.13, 95% confidence interval (CI)
-0.03t0-0.01), and the motor domain was significantly lower than the
non-sensorimotor domain (¢£(1,731.8) = -44.49, P< 0.001,d=-1.87,
95% CI1—0.22 to —0.20). In addition, similarities in the motor domain
were significantly lower than those in the sensory domain (¢(1,721.0) =
-33.18,P<0.001,d=-1.58,95% ClI-0.21t0 -0.19).

Google LLMs revealed similar results: a significant main effect of
domain was observed (F(2,1,421) = 1,626.84,P < 0.001, r[f, =0.70).
Both the sensory and motor domains showed significantly lower simi-
larities compared with the non-sensorimotor domain. Specifically, the
sensory domain had lower similarities than the non-sensorimotor
domain (¢(892.4) =-49.22,P< 0.001,d = -2.46,95% Cl -0.24 t0 -0.23),
and the motor domain was significantly lower than the non-
sensorimotor domain (¢£(1,056.2) = -47.05, P< 0.001, d = -2.24,95% Cl
-0.23to-0.21). Similarities in the motor domain were not significantly
different fromthoseinthe sensory domain (¢(1,178.8) =1.81, P= 0.077,
d=0.11,95% CI-0.00t0 0.02).

These results suggest that LLMs’ conceptual representations
and organizations of words align most closely with human representa-
tions in the non-sensorimotor domain, while alignments are weaker
in the sensory domains and minimal in the motor domains. These
observations are in line with earlier analyses, highlighting LLMs’ pro-
gressively diminishing effectivenessin recovering human conceptual
representations when they move towards more sensorimotor-related
aspects of the representations (see Supplementary Table 5 for the
descriptive statistics).

Linking additional visual training to model-human alignment

Theincreased disparity between model and human representations
for more sensorimotor dimensions of conceptual representations
suggests that grounding experience may be necessary to achieve
human-like conceptual representation. Given this possibility, we pose
arelated question: What role do additional visual inputs play in con-
ceptual formation within LLMs primarily trained on both language
and visual inputs (for example, GPT-4 and Gemini, henceforth visual

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-025-02203-8

a b
Valence - Ae Valence - A o
] Dominance ~ ’1% Dominance 'ﬂ',@
.g Arousal @’ Arousal A O
§ Size - & 0 Size ,&’
3 Gender - 'A',Q Gender - 'ﬂ',e'
S | A N A
<ZD Concreteness ¢ Concreteness é
Imageability A ¢ Imageability A 0
Haptic - A & Haptic - A O
Auditory - 'ﬂ{e{ Auditory O A
>
§ Olfactory A "y Olfactory - A
é Interoceptive - A Q0 Interoceptive + 4 A
Visual A O Visual A A
Gustatory A O Gustatory - ’;&‘
Foot/leg - A vy Foot/leg - %
N Hand/arm - A K Hand/arm - A o
S
= N HAH | HAH
§ Mouth/throat Ko A GPT-35 Mouth/throat N A PalM
Torso 1 G Y O GpT-4 Torso - = { Gemini
| HAH N A
Head Y Head o
T T T T 1 T T T T T 1
0 0.2 0.4 0.6 0.8 1.0 -0.2 0 0.2 0.4 0.6 0.8 1.0
RS S
C
Flower Flower Flower

Human-human Human-GPT3.5

Fig. 2| Aggregated results. a,b, Spearman correlations between the human-
generated and LLM-generated ratings for all analysed words. The x axis
represents the Spearman correlation coefficients between the aggregated word
ratings generated by LLMs including GPT-3.5, GPT-4 (a), PaLM and Gemini (b)
and the corresponding human ratings. The y axis lists the different dimensions
being evaluated, along the non-sensorimotor, sensory and motor dimensions.
The error bars depict the 95% confidence intervals, estimated by bootstrap
resampling 1,000 samples of word ratings from aggregated human participants

Human-GPT4

, Foot/leg

Justice

 Foot/leg -

Human-PaLM s Human-Gemini

and LLMs. The central value represents the estimated correlation coefficient
between the lower and upper confidence bounds. ¢, Radar plots showing the
aggregated ratings of human, ChatGPT (GPT-3.5 and GPT-4) and Google LLMs
(PaLM and Gemini) on each dimension for two individual concepts: ‘flower’
(aconcrete word) and ‘justice’ (an abstract word). The numbers along the radial
axis denote the rating ranges for these dimensions. Additional examples are
provided in Supplementary Figs.2 and 3.

LLMs) compared with those that have received input from only asingle
modality—language (for example, GPT-3.5 and PaLM, henceforth
text-only LLMs)? In other words, is visual learning associated with
the alignment of multimodal LLMs with human representations
of sensorimotor concepts, and if so, how? Available information indi-
cates that GPT-4 was pretrained with text and images*, while Gemini

was pretrained to integrate language data with a diverse array of
visual inputs, including natural images, charts, screenshots, PDFs
and videos*®. By contrast, GPT-3.5 (ref. 47) and PaLM2 (ref. 48) were
pretrained exclusively within the language domain.

Isolating the impact of visual training is challenging owing to
limited access to the details of training in these state-of-the-art LLMs.
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Fig. 3| Individual analysis. a-c, The results for the individual-level pairwise
correlation analysis for each dimensionin the non-sensorimotor (a), sensory
(b) and motor (c) domains. This analysis aims to examine the similarity between
humanand model conceptual representations while considering individual
variability. The x axis represents the Spearman correlation coefficient, while the y
axis shows the kernel density estimation of the correlation distributions. Notably,
inthe subplots for the motor dimensions, the y axis displays higher density peaks
due to PaLMyielding model-human similarities clustered around zero. Cohen’s
disreported for each dimension to quantify the standardized distance between
the human-human and model-human correlation distributions. The d values for
GPT-3.5, GPT-4, PaLM and Gemini models are presented between forward slashes

(‘/), respectively. A negative d value, highlighted in purple, indicates that the

Human-human

/ == == Human-PaLM

Human-GPT3.5 Human-GPT4

e HumMan-Gemini

model-human similarities are greater than the human-human similarities for
that particular dimension and model. The distribution curves for human-human
pairwise similarity, serving as benchmarks, are visually distinguished by the
increased line thickness. When the colours are filled in model-human similarity
distribution curves, they indicate that there is no credible evidence those model-
human similarities are lower than human-human similarities (non-sensorimotor:
16 distributions out of 28 model-human distributions,16/12; sensory: 4/20;
motor: 2/18). These filled-in curves highlight the dimensions and models where
the model-generated ratings align closely with human ratings at the individual
level. Here, the Pvalues were assessed with two-sided ¢-tests and corrected for
multiple comparisons using the FDR.
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Flaticon.com””. The elements of these word vectors were derived from the ratings
generated by humans or models for the dimensions belonging to each respective
domain. The RDMs were then constructed by calculating the Euclidean distance
between every pair of word rating vectors within each domain. Spearman
correlations between these RDMs quantify the alignment of representational
geometries, enabling comparison between human and model representations.
b, Distributions of model-human RDM similarities for ChatGPT models (GPT-3.5
and GPT-4). The distributions of Spearman correlation coefficients for RDMs
constructed upon individual human ratings and ChatGPT ratings for the same
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axis represents Spearman correlation coefficients and y axis denotes the density
of these coefficients. ¢, The distributions of model-human RDM similarities for
Google LLMs (PaLM and Gemini). Similar to b, the distributions for human and
Google LLM RDM alignment for the same words across the same three domains
aredisplayed. Both band cillustrate a trend that model-human RDM alignments
decrease (with RDM similarities centralizing around smaller values) from non-
sensorimotor to sensory and especially motor domains. d-f, Example RDMs:
each RDM, constructed using 25 words, reflects pairwise similarities either based
on human or GPT-4 ratings across non-sensorimotor (d), sensory (e) and motor
(f) domains. The distinct patterns could be observed between the human RDM
and GPT-4 RDM for the motor domain while for the non-sensorimotor domain,
the human and GPT-4 model RDMs are much more similar.
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Here, we piloted an analysis characterizing a potential association
between the added visual learning and the difference in model-human
alignment between visual and text-only LLMs. The rationale underly-
ing this analysis is that if visual learning affects model alignment with
human conceptual representations, this effect should be particularly
noticeable in the visual dimension and in dimensions that involve
some level of visual interpretation, such as imageability, which have
been identified as having visual components in prior research (see
refs. 49,50 for reviews). We quantified the visual association strength
of each dimension by computing the Spearman correlation between
each dimension and the visual dimension, using human rating data as
reported in refs. 1,2. Higher absolute-value correlation coefficients
indicate a stronger association with the visual dimension. Forexample,
asillustrated in Fig. 5¢, dimensions such as concreteness (R,=0.62,
P<0.001, 95% C1 0.60 to 0.64) and imageability (R,= 0.69, P< 0.001,
95% C10.67t0 0.70) are strongly associated with the visual dimension,
whereas dimensions such as gustatory (R, = 0.01, P=0.596, 95% CI
-0.04t00.02) and torso (R=0.02,P=0.136,95% CI-0.01to 0.05) show
minimal visual association.

To assess the change of visual LLMs over text-only LLMs in
their alignment with human representations, we calculated the differ-
ence in model-human correlations (Fisher Z-transformed) between
visual LLMs and text-only LLMs (GPT-4 versus GPT-3.5 for ChatGPTs
and Geminiversus PaLM for Google LLMs) for each dimension. A higher
value on aspecific dimensionindicates a stronger correlation between
the visual LLM and human data compared with the text-only LLM for
that dimension, as shownin Fig. 5a,b on the y axis. We then built sepa-
rate linear regression models for ChatGPTs and Google LLMs, using
thevisual association strength as a predictor of the alignment change
of the visual LLM over the text-only LLM. The results show that, for
the ChatGPT models (Fig. 5a), the visual association strength was
a positive predictor of the alignment change of GPT-4 over GPT-3.5
(B=0.99, t(16) = 6.16, P< 0.001, 95% CI 0.65 to 1.33). Approximately
70% of the variance in the alignment change of GPT-4 over GPT-3.5
canbeexplained by the visual association strength of the dimensions
(R*=0.70), which suggests that visual inputs are a major factor in
improving GPT-4’s ability to align with human conceptual representa-
tions, highlighting theimportantrole of visual learning in this context.
For Google LLMs (Fig. 5b), the visual association strength also signifi-
cantly positively predicted the alignment change of Gemini over PaLM
(B=0.43,t(16) =2.38, P=0.033, 95% CI 0.04 to 0.82). Approximately
26% of the variance in the alignment change of Gemini over PaLM can
be explained by the visual association strength of the dimensions
(R*=0.26), similarly indicating the role of visual input in capturing
human-like conceptual representations as seenin the ChatGPT models.

Validation of the results

Controlling for word concreteness. Will the divergence observed
between LLMs and humans in sensory and motor domains persist
whenaccounting for word concreteness? Prior work has suggested that
LLMs may be capable of capturing the sensorimotor aspects of human
representations of abstract words, which are purportedly less reliant
on grounding*®*'. To assess the potential influence of word concrete-
ness on our findings, we employed two methods. First, we calculated
the partial Spearman correlation between human and model ratings,
controlling for word concreteness. Our analysis revealed a strong simi-
larity (R,=0.93, P<0.001, 95% C1 0.89 to 0.96) between these partial
correlations and the original correlations reported earlier (Fig. 6a),
suggesting that the pattern of our results remains even after adjust-
ing for concreteness. Next, we implemented a bin analysis to explore
variations in model-human correlations across different levels of
word concreteness. We first sorted the words by concreteness values,
thendivided theminto bins of 100 words each to explore variationsin
model-human correlations across different levels of word concrete-
ness. For each bin, werecorded the median concreteness value and the

corresponding model-human correlations for the words within the
bin. Therefore, we obtained model-human correlations as afunction
of word concreteness for each model across various dimensions. The
datawerethen analysed using alinear regression model, which consid-
ered concreteness values, model and domain as predictors of model-
human correlations (Fisher Z-transformed). This model explained
approximately 53% of the variance in model-human correlations.
Our analysis did not identify credible evidence for a significant main
effect of word concreteness on model-human correlations (Fig. 6b)
(B=-0.00, t=-0.39, P=0.785,95% Cl -0.03 to 0.02). Therefore, we
found no credible evidence that word concretenessis associated with
thealignment or divergence of models with human conceptual repre-
sentations across non-sensorimotor, sensory and motor domains. That
said, we did observeinteraction effects between concreteness, domain
and model, suggesting, for example, that model-human correlations
may be stronger for more concrete words in the sensory domain (see
Supplementary Information, section 5.4, for further analyses and
Supplementary Information, section 7.2, for possible interpretations
of these results).

Validating LLM responses. Because of the critical need for validity in
LLM applications'®*>*!, we adhered to established human test valida-
tion methods™*. We evaluated the ChatGPTs (GPT-3.5 and GPT-4) and
Google LLMs (PaLM and Gemini) against a set of alternate norms that
arerelated to the Glasgow and Lancaster measures.

For the Glasgow Norms, validation norms include dimensions of
valence, arousal and dominance fromref. 34, imageability fromref. 52
and concreteness from ref. 14. For the Lancaster Norms, which lacks
directly comparable validation norms, we included dimensions that
are conceptually similar, such as taste and grasp®’. In human ratings,
tasteis expectedtostrongly correlate with the gustatory dimensionin
Lancaster, while grasp shows moderate correlations withthe hand/arm
and haptic dimensions. We selected these validation norms for several
reasons: (1) they are publicly accessible, (2) they have been widely
used in human participantstudies, lending to their validity and (3) they
cover dimensions in either the Glasgow or Lancaster Norms where
models show strong correlations (thatis, R, > 0.6) with human data.

Asdetailedin Table 2, we first evaluated models’ responses on the
validation norms, then computed Spearman correlations between
humans and models for these norms. Subsequently, we calculated
correlations for model ratings between the original Glasgow/Lancaster
Norms and the validation norms. We observed that model-human
correlations based on the validation norms—except for Gemini’s per-
formance onthe arousal dimension—closely resembled those obtained
from the Glasgow/Lancaster Norms. For instance, the correlation
between human ratings and GPT-3.5 on valence was 0.83 (95% CI 0.82
to 0.84) in the validation norms, compared with 0.90 (95% C1 0.89
to 0.90) in the Glasgow Norms. Moreover, the correlation strength
of ChatGPT ratings between the validation norms and the Glasgow/
Lancaster normsis as high as the correlation strength of human ratings
across these normsets. For example, the correlation for GPT-4 ratings
onthehand/arm dimensionbetween the validation and the Lancaster
normswas 0.68 (95% C10.62to 0.73), compared with the 0.55 correla-
tion of human ratings across these norms. Given the strong consist-
ency observed across different models and dimensions, these results
suggest that the main findings largely reflect the models’ capabilities
rather than reliance on specific prompts (see Supplementary Table 9
for additional statistics).

Discussion

Inthis study, we used LLMs to test the limits of conceptual knowledge
acquisition by quantifying what aspects of human conceptual knowl-
edge can or cannot be recovered solely from the language domain
of learning or from a combination of language and visual domains.
We found that learning constrained to the language domain captures
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Fig. 5| Visual domain analysis. a,b, Using the strength of visual correlation
topredict the degree to which visual LLMs enhance alignment with human
conceptual representations compared with their text-only counterparts. This
comparison was made for ChatGPT models (GPT-4 versus GPT-3.5) (a) and
Google LLMs (Gemini versus PaLM) (b). ¢, Visual association strength of each
dimension: the absolute values of the Spearman correlation coefficients, based
on human ratings'?, reflect the association strength of each dimension with
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the visual dimension. A higher coefficient signifies a stronger link to visual
processing, such as the imageability and haptic dimensions. The x axis across
all three subplots displays the dimensions, sorted by their visual association
strength (as showninc).In a, the y axis shows the difference inmodel-human
correlations between GPT-4 and GPT-3.5.In b, similarly, the y axis denotes the
difference in model-human correlations between Geminiand PaLM. Inc, they
axisindicates the visual association strength of each dimension.

human-level conceptual representation in non-sensorimotor dimen-
sions such as valence and emotional arousal but yields impoverished
representation of sensorimotor knowledge. Our findings extend previ-
ousresearchonungrounded artificial neural models* ® and congenitally

blind and partially sighted people’'°, which showed alignment with
the conceptual representations of sighted human participants. By
systematically examining conceptual representations across a spec-
trum from non-sensorimotor to sensorimotor domains and a wide
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across different levels of word concreteness for each model (GPT-3.5, GPT-4,
PaLM and Gemini) and domain (non-sensorimotor, sensory and motor). The
words were first sorted by concreteness values and then divided into bins of 100
words each. The x axis shows the median concreteness value within each bin. The
yaxis denotes model-human Spearman correlations (Fisher Z-transformed) for
words within the bin. The fit line for each panel represents the prediction from
the regression model for each domain and each model.

Table 2 | Spearman correlations between LLM-human
ratings for the original and validation norms, and between
original-validation norms for LLM and human ratings

Model Dimension LLM-human Original-validation
Original Validation LLM Human
Valence 0.90 0.83 0.90 0.93
Dominance 0.62 0.66 0.82 0.69
GPT-3.5
Arousal 0.64 0.47 0.55 0.62
Concreteness 071 0.63 0.61 0.93
Valence 0.93 0.88 0.92 0.93
Dominance 0.63 0.67 0.86 0.69
Arousal 0.64 0.43 0.54 0.62
GPT-4 Concreteness 0.93 0.87 0.88 0.93
Imageability 0.91 077 0.83 0.89
Haptic 0.76 0.88 0.55 0.55
Hand/arm 0.66 0.88 0.68 0.55
PaLM valence 0.78 0.44 0.42 0.91
Valence 0.87 0.83 0.82 0.91
Gemini Arousal 0.66 0.15 0.39 0.60
Concreteness 0.75 0.66 0.58 0.93

Original norms denote Glasgow or Lancaster. All correlations were significant (P<0.001).

range of concepts, we found a gradual decrease in similarity between
LLM-derived and human-derived representations, with stronger dis-
parity in sensorimotor domains. These results offer insights into the
extent to which language can shape complex concepts and underscore
theimportance of multimodal inputs for LLMs emulating human-level
conceptual knowledge.

In light of the ongoing debate about the necessity of embodied
grounding for achieving human-level conceptual representation®*,
The present study suggests that while some aspects of conceptual

representations may be detached from sensorimotory experience,
aconsiderable degree of sensorimotor input appears essential. Take
the concept of ‘flower’, for instance. Language can capture certain
conceptual connotations of ‘flower’ insofar as they emerge from distri-
butionalrelationships among words in context (for example, positive
emotional valence may arise from ‘this flower smells joyous’). How-
ever, the sensorimotor experience of ‘flower’ may cut across linguistic
contexts and may implicitly shape our conceptual knowledge, to form
diverse relationships across objects and experiences in the world
around us. From the intense aroma of a flower, the vivid silky touch
when we caress petals, to the profound visual aesthetic sensation,
human representation of ‘flower’ binds these diverse experiences and
interactionsinto a coherent category. This type of associative percep-
tual learning, where a concept becomes a nexus of interconnected
meanings and sensation strengths, may be difficult to achieve through
language alone. Real-world interactions, similar to those in human
experiences, are probably essential for comprehensive sensory per-
ception, physical action and perceptual representation of concepts™.

Intriguingly, we found greater discrepancies between human and
LLM ratings for motor-related dimensions than for sensory dimen-
sions—anareaunderexplored in prior studies. Two explanations for this
finding are: (1) motor aspects are less frequently described in language,
makingthem harder for LLMs tolearnfromlanguage, asnoted by ref. 55,
and (2) motor representations rely more on embodied experiences,
unlike sensory concepts suchas colour, which canbe learned through
language’. Motor cortex lesions also impair action-word processing,
underscoring the need forembodiment™. This further highlights LLMs’
limitationsin representing motor concepts owingto the lack of physical
commonsense and action-related input.

The current study exemplifies the potential benefits of multimodal
learning where ‘the whole is greater than the sum of its parts’, showing
how the integration of multimodalinputs can potentially lead to amore
human-like representation than what each modality could offer inde-
pendently. We found that LLMs incorporating visual inputs align better
with human representations in visual as well as visual-related dimen-
sions, such as haptics and imageability. This representational trans-
fer is well observed in humans®”*%, For instance, humans can acquire
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object-shape knowledge through both visual and tactile experiences”,
and brain activation in the lateral occipital complex was observed
during both seeing and touching objects*. Akin to humans, given the
architecture and learning mechanisms of visual LLMs, where repre-
sentations are encoded ina continuous, high-dimensional embedding
space, inputs from multiple modalities may fuse or shift embeddings
in this space. The smooth, continuous structure of this embedding
space may underlie our observation that knowledge derived fromone
modality seems to spread across other related modalities®® % Further
along this vein, our study points to the possibility that models may
be able to approximate human-like conceptual representations even
without full sensorimotor experience; partial access could suffice to
span much of human experience®. This insight may also shed light
on why similar representations were observed between congenitally
blind and partially sighted people and normally sighted people®™.
Future research should explore the extent of sensory access needed
in multimodal models and the limits of knowledge transfer across
different domains. The continued development of LLMs towards
integrating additional modalities—as seen in multimodal speech and
text processing in Whisper®® and embodied vision-language-action
models such as RT-2 (ref. 64)—opens exciting prospects for further
understanding and harnessing the potential of multimodal learning.
We envision a future where LLMs are augmented with sensor data
and robotics to actively make inferences about and act upon the
physical world'®”. These advances may catalyse LLMs to truly embrace
embodied artificial representation that mirrors the complexity and
richness of human cognition”?. Within this perspective, our findings
may contribute to the trajectory of training data improvement and
multimodal integration.

To what extent do LLMs inform us about human cognition?
LLMs revive the old debate about whether and how distributional
relationships in language-domain learning can scaffold a wide range
of semantic processes, reflecting the richness of linguistic inputs in
shaping human knowledge?**>*°, At the same time, their limitation
in capturing human-like sensorimotor conceptual understanding
via textual data and incomplete sensorimotor input also delineates
the boundary of language-domain training and underscores the
importance of grounding for human conceptual knowledge”. In this
light, LLMs offer a valuable ‘how-possibly’ model of human cognition.
Nonetheless, we acknowledge that most work on the parallels between
LLMs and human language processing (for example, refs. 21,22), includ-
ing the current work, has been confined to the English language. This
constitutes a limitation of our study, as language structure, embodi-
ment effects and neural processing could differ across languages.
However, findings like those of ref. 67 suggest that motor verbs in
French and German elicited similar motor-related brain activations
compared with non-motor verbs, indicating that our English-based
findings might generalize to other languages. Future studies should
exploreusing diverse languages to validate and expand these insights
(see Supplementary Information, section 7.4, for a further discussion
onthe cognitive plausibility of LLMs).

Itis worth noting that LLMs involve diverse learning techniques,
whichadds complexity totheir learning dynamics and makesit valuable
to explore how each technique contributes to the final outcomes. For
example, GPT-3.5is pretrained using next-token prediction within text
sequences and then further refined through two methods: supervised
learning, where human-labelled data specifies the correct output, and
reinforcement learning with human feedback (RLHF), which enables
the model to improve by interacting with the external environment
indirectly”’. These two techniques could also bring in non-linguistic
knowledge, as humans provide labels or feedback based on some
non-linguisticresources. We believe these techniques do not alter our
main findings, as RLHF is constrained by mechanisms such as Kullback-
Leibler (KL) divergence penalties®®, which prevent the fine-tuned model
from diverging substantially from the pretrained version. Although

RLHF may indirectly introduce human preferences based on real-world
non-linguistic experiences, the model’s learning remains primarily
driven by linguistic input. However, a key limitation of our study is
the proprietary nature of these large models, which makes it chal-
lenging to conduct open scientific research and fully understand the
individual effects of each learning approach, including the specific
impacts of RLHF. This opacity hinders our ability to dissect how dif-
ferent techniques influence the model’s behaviour. Therefore, our
conclusionsabout how LLMs acquire and process language and embod-
ied experiences should be interpreted with these considerations in
mind, underscoring the need for greater transparency in LLM research
to enable more systematic investigations. Notably, DeepSeek-V3
(ref. 69), arecent high-performance open-source model with various
post-training optimization, shows performance comparable to GPT-4
(Supplementary Fig. 5), further supporting our conclusion: LLMs cap-
ture non-sensorimotor semantics well but still struggle with nuanced
sensory and motor features of words and concepts. Future research
could focus on smaller, more accessible models to test and compare
the roles of various learning techniques, such as prediction-based
learning, supervised learning and interaction-based reinforcement
learning (seeref. 54 for anexample). This is especially important given
that leveraging multiple knowledge resources and interacting with
the environment have long been recognized as crucial and efficient
mechanisms in human language and concept development'®'”7°,

We note that, although LLMs can approximate certain aspects
of conceptual representation, particularly in non-sensorimotor and
occasionally bodily dimensions, they obtain this by consuming vast
amounts of text—orders of magnitude larger than the volume of lan-
guage ahumanis exposed tointheir entire lifetime—and operating with
extremely high complexity driven by billions of parameter settings™.
This suggests that, while in the limit multimodal knowledge can be
synthesized from language alone, this kind of learning is inefficient.
By contrast, human learning and knowledge representation are both
inherently multimodal and embodied, and interactive from the outset”.
After all, when thinking of flowers, what comes to your mind is not
merely their names but the vivid symphony in which sight, touch, scent
and all your past sensorimotor experiences intertwine with profound
emotions evoked—an experience far richer than words alone can hold.

Methods

Inclusion and ethics

The study involves the collection of data from LLMs and the use of
secondary human-participant data* For the human-participant data,
ref.1noted that the study followed the ethical guidelines and protocols
established by the British Psychological Society. Ethical approval for
the study reported in ref. 2 was granted by the Lancaster University
Research Ethics Committee.

Psycholinguistic norms

We used the Glasgow Norms' and the Lancaster Sensorimotor Norms
(henceforth the Lancaster Norms?) as human psycholinguistic word
rating norms (see Table 1 for their dimensions). Together, the two
norms offer comprehensive coverage of the included dimensions,
both of which cover alarge number of words. The Glasgow Norms col-
lected data from 829 human participants, including 599 female and
230 male participants in terms of gender. The original publication did
not specify whether sex and/or gender was determined by self-report
or assignment. Participants ranged in age from 16 to 73 years, with a
mean of 21.7 years (standard deviation (s.d.) of 7.4). The average age
was 21.5 years (s.d. of 7.6) for female participants and 22.3 years (s.d.
of 6.9) for male participants. The Lancaster Norms collected datafrom
3,500 human participants, including 1,644 female and 1,823 male par-
ticipants. A total of 12 participants chose not to disclose their gender,
and the gender information was missing for 21 participants. The aver-
age age of all participants was 34.9 years (s.d. 0f10.3).
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The Glasgow Norms consist of normative ratings for 5,553 English
words across nine dimensions, collected from native English speakers
within the University of Glasgow community, UK'. We selected the
Glasgow Norms owing to its large-scale data and highly standardized
data collection process: the same participants rated all dimensions for
any given subset of words, with an average of 33 participants per word.
The nine dimensions include emotional arousal, valence, dominance,
concreteness, imageability, size, gender association, familiarity and
age of acquisition. In our study, we excluded familiarity and age of
acquisition, as familiarity is less dependent on semantic and con-
ceptual representation’ and, therefore, less relevant to our research
focus, while age of acquisitionis neither central to our focusand nora
valid question for LLMs to answer. The validity of the Glasgow Norms
hasbeen demonstrated through strong correlations with 18 different
sets of other psycholinguistic norms. Scott et al.' conducted principal
component analyses and identified three main categories underly-
ing these dimensions: emotion (valence and dominance), salience
(arousal, size and gender) and mental visualization (concreteness
andimageability). We adopt their validated structure for categorizing
those dimensions.

The Lancaster Norms present multidimensional measures encom-
passing sensory and motor strengths for approximately 40,000 English
words, collected from experienced users on Amazon’s Mechanical
Turk platform?” These norms include six sensory dimensions (haptic,
auditory, olfactory, interoceptive, visual and gustatory) and five motor
dimensions (foot/leg, hand/arm, mouth/throat, torso and head exclud-
ing mouth). The sensorimotor properties of words are considered
highly embodied, asthey require human raters to utilize their everyday
perceptual senses and bodily experiences to gauge each word. The data
were collected from 3,500 unique participants, with each participant
rating on average 7.12 lists for either the sensory or motor dimensions.
Each list comprised 58 words, including 48 target words, 5 control
words and 5 calibration words. The fixed sets of five control words
were randomly interspersed to each item list to ensure the quality of
participants’ ratings, and the five calibration words were presented at
thebeginning of eachitemlist tointroduce participants to unambigu-
ous examples for rating. The Lancaster Norms were chosen primarily
because they provide a detailed and comprehensive representation
of aword’s perceived sensorimotor strengths across 11 dimensions,
covering all senses and the five most common action effectors. The
norms exhibit high reliability, displaying substantial consistency
across alldimensions, and their validity is demonstrated by their ability
to accurately represent lexical decision-making behaviour from two
distinct databases’.

There are differences between the Glasgow and Lancaster Normsin
rater demographics. To ensure that any observed differences between
the sensorimotor and non-sensorimotor dimensions are attributable to
theintended dimensions rather than these demographic differences,
itisessential to confirmthe validity of both the norms and our model’s
responses to them. The validity of the Glasgow and Lancaster Norms
has been well established'?, and the validity of model responses to
themisreportedinthe ‘Validation of results’ sectionin Results.

We adhered to the design of the human-participant data col-
lection (Fig. 1b)"”. For the Glasgow measures, the 5,553 words were
dividedinto 40 lists, with 8 lists containing 101 words per list and 32 lists
containing 150 words per list. The models rated all words in a list for
one dimension before moving on to the next dimension and so forth.
The order of words within each dimension and the order of dimensions
within eachtesting round wasrandomized. For the Lancaster measures,
there are in total 39,707 available words with cleaned and validated
sensorimotor ratings. We first extracted 4,442 words overlapping
with the 5,553 words in the Glasgow measures. Following the practice
inthe Lancaster Norms, we obtained the frequency and concreteness
measures™ of these 4,442 words and attempted to perform quantile
splits over them to generate item lists that maximally resemble thosein

theLancaster Norms. However, since more than 95% of the 4,442 words
have a‘percentage of being known’ greater than 95%, we considered the
majority of these words to be recognizable by human raters. Thus, we
did not perform a quantile split of these words over word frequency.
Weinstead implemented a quantile split based on their concreteness
ratings with four quantile bins in the intervals 1.19-2.46, 2.46-3.61,
3.61-4.57 and 4.57-5.00.

Next, we generated four sublists based onthe concreteness rating
quantilesplitand randomly selected 12 words from each sublist without
replacementto create 48 words for eachitem list. We further appended
thefive calibration words (sensory dimensions: account, breath, echo,
hungry and liquid; motor dimensions: shell, tourism, driving, breathe
and listen) to the beginning of each list. Finally, we randomly inserted
five control words (sensory dimensions: grass, honey, laughing, noisy
and republic; motor dimensions: bite, enduring, moving, stare and
vintage) into these lists to form 93 complete item lists, each containing
58 words ready to be rated separately for sensory and motor dimen-
sions. The order of words within eachitemlistand the order of dimen-
sionsto rate for each round were randomized.

Models

We employed the gpt-3.5-turbo-0301and gpt-4 (collected between 28
May and 11June 2023) from the OpenAl APl for GPT-3.5and GPT-4 and
the PaLM2 (PaLM2 ratings of 2,474 words for the sensory dimensions
were collected and PaLM2 ratings of 4,095 words for motor dimensions
were collected since PaLM2 failed at returning ratings for several lists of
words in each model run) and gemini-1.0-pro from the Google API for
PaLM and Gemini. The selection of parametersin our study was based
on methodological considerations aimed at optimizing the accuracy
and consistency of the model outputs. The temperature parameter
was set to 0, following recommendations described previously*-**)
to ensure deterministic, consistent responses without random varia-
tions. The maximum token length was set to the upper limits permit-
ted—2,048 tokens for GPT-3.5, GPT-4 and Gemini and 1,024 tokens
for PaLM—to avoid truncating responses. To enhance the reliability of
our results, we implemented four rounds of testing for each model.
Thisapproachallowed us to cross-verify the consistency of the outputs
across multipleiterations (see Supplementary Information, section1,
for the agreement between these rounds).

Testing procedure

The model prompt to ChatGPT was kept identical to the instruc-
tions that human participants received. However, we made minor
adjustments to the prompt to ensure that the responses followed the
expected format (for example, word - rating). When given testing items
from the Lancaster Norms, the model consistently responded that it
does not possess abiological body and, therefore, cannot experience
the word through sensing or moving. To address this, we modified
the instruction from ‘to what extent do you experience’ to ‘to what
extent do human beings experience’,and we applied the same changes
to the Glasgow Norms for consistency. Although the LLM is asked
to respond on the basis of human experience, it is still utilizing its
internal representations to provide answers. These representations
are derived from extensive training on human-generated text, which
mabkes the responses valid as a reflection of the collective conceptual
representation of humans.

The images or tables used in human-participants tasks were
converted to text format. Moreover, the online rating portal of the
Lancaster Norms used agraphic demonstration of the five body parts
fortheaction-executing effector ratings. Because GPT-3.5and PaLM do
not support such visual inputs in the prompts, we decided instead to
describe these five body parts with words in the prompts for all of the
models (see Supplementary Information, section 2, for acomparison
between the instructions given to human participants and the adapted
version provided to the models).
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Words analysed

For more uniform comparisons across various dimensions, we
restricted our analysis of sensory and motor domains to words com-
montoboth the Glasgow and Lancaster Norms (4,442 words). Still, we
retained the full Glasgow Norms (5,553 words) for the non-sensorimotor
domain. Each of the overlapped 4,442 words has corresponding ratings
acrossall evaluated dimensions. In occasional instances, models clas-
sified certain words as ‘unknown’ or unable to gauge (PaLM failed at
generating all 4,442 words as detailed above). These words are typi-
cally those that may contravene content policies or that models such
as PaLM struggle to interpret. In line with the practices described in
refs. 1,2, such data points (that is, scores from individual runs) were
excluded from the data analyses. To ensure that our results were not
biased by words present in the Glasgow Norms but are not included
in the Lancaster Norms, we conducted separate tests using only
the fully overlapping concepts (4/5 of the Glasgow Norms) and found
highly consistent results (Supplementary Information, section 6).

Individual-level pairwise correlations

For individual-level analysis, we computed pairwise Spearman
correlations for each pair of individual human participants and
between each human and individual runs of GPT-3.5, GPT-4, Gemini
and PaLM. In the human-human correlations, each participant evalu-
ated only a subset of words. In the Glasgow Norms, participants rated
one of either 8 lists (comprising 808 wordsin total, with 101 words per
list) or 32 lists (from a pool of 4,800 words, with 150 words per list).
Each list received ratings from 32-36 participants, and there was no
overlap in words across different lists. The pairwise correlations were
calculated within each list, and these were aggregated, resulting in a
total of 22,730 pairs for constructing the overall distribution for each
dimensionin the Glasgow Norms.

In the Lancaster Norms, the sensory component involved 2,625
participants (averaging 5.99 lists each) and the motor component
had 1,933 participants (averaging 8.67 lists each). Each list included
48testitems, along with a constant set of five calibration and five con-
trol words, totalling 58 items per list. Given the larger pool of 40,000
words in the Lancaster Norms, the subset of 4,442 words resulted in
some participants rating few items. To maintain a sufficient sample
size for correlation calculations, we iterated through pairs of partici-
pantsandincluded those with ratings for over 50 common words. This
approachyielded 105 pairs for every sensory dimension and 196 pairs
for every motor dimension, from which we constructed the correla-
tion distributions.

In the human model correlations, we generated pairs by match-
ing each model run (out of four total runs) with individual human
participants across different lists. This approach yielded 5,476 pairs
for the Glasgow Norms. For the Lancaster Norms, we paired humans
and models based on having ratings for over 50 common words,
mirroring the approach used in constructing human-human pairs.
This process resulted in a total of 224 pairs for each sensory dimen-
sion and 440 pairs for each motor dimension, forming the basis
for the correlation distributions.

RSA

For the RSA analysis, we first iterated through human rating data
from the Glasgow and Lancaster Norms, extracting ratings across
the non-sensorimotor, sensory and motor domains for lists of words
rated by individual human participants. Each word was represented
by a vector containing human ratings for each domain (for exam-
ple, avector for the sensory domain included ratings from six typical
senses). Next, with these vectors, we built RDMs by calculating pairwise
Euclidean distances between words for each list rated by individual
human participants. This process was repeated for all three domains.
Finally, we compared the RDMs derived from individual human
ratings with model RDMs. The model RDMs were constructed using

averaged ratings across four runs generated by the GPT models and
Google models for the same words in each human word list. The
comparison between human and model RDMs was conducted using
Spearman correlation.

To ensure consistency and maintain a sufficient sample size for
the RSA analysis, we only paired human and model data that had at
least 50 shared words in each of the non-sensorimotor, sensory and
motor domains for each model. As a result, we retained 829 pairs of
RDMs from the Glasgow Norms for the non-sensorimotor domainRSA,
applicable to both GPT and Google models. For the Lancaster Norms,
we retained 435 pairs of RDMs for the sensory domain RSA and 443
pairs for the motor domain RSA with the GPT models. For the Google
models, we retained 272 pairs of RDMs for the sensory domain RSA
and 323 pairs for the motor domain RSA.

Measuring similarities

Spearman correlations were used for most similarity measurements, a
common practiceinmany previous studies**’? as they are known to be
robust with respect to outliers. For better presentation of correlations,
we follow standard benchmarks: values under 0.10 are negligible, 0.10
is small, 0.30 medium and 0.50 or higher large”. We used Euclidean
distance instead of Spearman correlations in only one case: when
constructing RDMs for each word pair separately for humans and
models. This decision was due to the small dimensionality of word rat-
ing vectors in each domain—N =7 for the non-sensorimotor domain,
N=6for the sensory domain and N =5 for the motor domain. In such
small dimensions, the ranking process used in Spearman correlations
becomes less reliable and more sensitive to small variations in data™,
diminishing the ability to distinguish between different levels of simi-
larity as the number of elements (that is, ranks) decreases. Conversely,
Euclidean distance measures the ‘straight line’ distance between points
in multidimensional space and is based on actual values rather than
rankings. This measure tends to be more stablein cases of small dimen-
sionality because it does notrely onrank-order relationships butonthe
actual differences in values across dimensions. However, because
Euclidean distance is sensitive to the scale of the data, we normalized
the rating values of each dimension using a z-score before obtaining
vectors for each word in each domain.

Significance testing

All reported statistics are based on two-sided tests. The P values
reportedineach sectionwere corrected for multiple comparisons using
the FDRmethod*. Inthe Results section, the correction accounted for
157 tests, encompassing 72 aggregated-level dimension-wise correla-
tions, 72 individual-level t-test comparisons between human-human
distributions and model-human distributions, 4 Mann-Whitney
Utests, 1x* test and 8 comparisons for RSA analyses. For the ‘Linking
additional visual training to model-human alignment’ section in
Results, the correction covered 20 tests, including 18 correlations
between each dimension and the visual dimension and 2 t-tests assess-
ingthe predictive effect of visual correlation strength. In the ‘Validation
of results’ section in Results, the correction was applied over 79 tests,
which include 1 test for the comparison between the partial and the
original correlation values, 47 tests for the bin analysis and 30 tests for
using validation norms to validate model responses.

For the dimension-wise correlation analyses in the Results
section on aggregated model and human ratings, we utilized the
Mann-Whitney U test for independent-sample non-parametric com-
parisons of model-human similarities between sensorimotor and
non-sensorimotor domains. This approach was selected owing to the
small sample size (in this context, the number of dimensions within
each domain) and the violation of normal distribution assumptions by
the data. Non-parametric tests, although generally less powerful than
parametric tests, are robust to outliers in such scenarios. Moreover,
we reported the effect size using the rank-biserial correlation (r,,),
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acommon measure for non-parametric tests. For the dimension-wise
correlation analyses in the individual-level analysis, we utilized
independent-sample t-teststo determine whether the distributions of
model-human similarities differed significantly from human-human
similarities. Thisapproach was based on the assumption of normality
andthe presence of alarge sample size. We conducted aseparate t-test
for each dimension. To organize the results of multiple ¢-tests effec-
tively, we counted, within each domain, the number of instances where
the distributions of model-human similarities were not significantly
lower than those of human-human similarities, as indicated by the
t-tests. Ay’ test ofindependence was then performed to assess whether
the counts varied significantly across the domains (non-sensorimotor,
Sensory or motor).

For the RSA analysis (‘RSA’ sectionin Results), after obtaining dis-
tributions of similarities between all human subjects and each model
separately foreachdomain, we conducteda3 x 2 (domain levels by mod-
els, respectively) two-way ANOVA for each set of models—ChatGPTs
and Google LLMs—separately. This separation was to assess the
consistency of main effects of domain across the two LLM families.
Owing to violations of the equal variances assumption, we used the
Satterthwaite’s method for the ANOVA tests and applied Welch’s cor-
rections for post hoc pairwise comparisons. In the linear regression
analyses (‘Linking additional visual training to model-human align-
ment’ section and ‘Validation of results’ section in Results), we
conducted analyses after checking the assumptions of linearity, inde-
pendence of residuals and normality. While the regression models in
the ‘Linking additional visual training to model-human alignment’
section in Results meet all assumptions, the model in the “Validation
of results’ section in Results shows a slight violation of the normal-
ity of residuals assumption, as indicated by the Normal Q-Q plot. To
ensure the reliability of the results in the ‘Validation of results’ section
inResults, we conducted anadditional Bayesian linear regression analy-
sis for cross-validation (Supplementary Information, section 5.4). In
the ‘Linking additional visual training to model-human alignment’
section in Results, the Fisher Z-transformation was applied to the
Spearman R values to measure the difference between two correlation
coefficients, a practice thatis justified by ref. 75.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Data obtained from ChatGPTs and Google LLMs are publicly avail-
able at https://osf.io/kguwd/. The human dataset of the Glasgow
Normsisfromref.1, withword-level dataaccessible at https://doi.org/
10.3758/513428-018-1099-3 (ref. 1). The corresponding trial-level data
was kindly provided by Sara Sereno and Jack Taylor. The Lancaster
Norms is from ref. 2, and the data including both word-level and
trial-level can be found at https://embodiedcognitionlab.shinyapps.io/
sensorimotor_norms/ (ref. 76). The validation norms datasets are
openly available via the following links: the datasets of valence, arousal
and dominance at https://link.springer.com/article/10.3758/s13428-
012-0314-x#SecESMI (ref. 34), the imageability norms at https://link.
springer.com/article/10.3758/BF03195585#SecESM1 (ref. 52), the con-
creteness normsat https://link.springer.com/article/10.3758/s13428-
013-0403-5#MOESMI (ref. 4) and the perceptual strength norms at
https://link.springer.com/article/10.3758/s13428-012-0215-z#SecESM1
(ref. 3).Source data are provided with this paper.

Code availability

The data collection and analyses were conducted using PythonandR.
All code is publicly available at https://osf.io/kguwd/. In addition, we
developed an analysis pipeline that enables researchers to examine
their models of interest. As new models continue to emerge, we will

regularly update the repository to ensure its ongoing relevance for the
research community. The pipeline and associated resources are also
accessible via GitHub at https://github.com/qxu1994/LLM_grounding.
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Data collection  Data were obtained from the gpt-3.5-turbo-0301 and gpt-4 (collected between May 28 and June 11, 2023) from OpenAl API, and PaLM2 and
Gemini-1.0-pro from Google API. All codes are publicly available at https://osf.io/kguwd/

In addition, we developed an analysis pipeline that enables researchers to examine their models of interest. The pipeline and associated
resources are also accessible via GitHub: https://github.com/gxu1994/LLM_grounding

Data analysis Data collection and analysis were done through jupyter notebook and R, with multiple python libraries such as pandas, numpy, scipy, and
sklearn. All codes for data collection and analysis are available https://osf.io/kguwd/. Detailed environment information, including software
and package versions, is provided below and also within each jupyter notebook and R notebook file. In addition, we developed an analysis
pipeline that enables researchers to examine their models of interest. The pipeline and associated resources are also accessible via GitHub:
https://github.com/gqxu1994/LLM_grounding

For the Lancaster accession and RSA analysis codes:
Python Version: 3.10.0

Pandas Version: 2.2.3

Scipy Version: 1.13.1

Seaborn Version: 0.13.2

Matplotlib Version: 3.9.2

Sklearn (scikit-learn) Version: 1.5.2
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For the rest codes:
Python version: 3.11.7 (main, Dec 15 2023, 12:09:56) [Clang 14.0.6]

IPython: 8.20.0
google-generativeai: 0.7.2
matplotlib: 3.8.0
numpy: 1.26.4
openai: 1.65.5
pandas: 2.1.4
scikit-learn: 1.2.2
scipy: 1.11.4
seaborn: 0.12.2
statsmodels: 0.14.0
tgdm: 4.65.0

For the analyses using R:

R version 4.4.0 (2024-04-24)
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bridgesampling 1.1-2  2021-04-16 [1] CRAN (R 4.4.0)
brms *2.22.0 2024-09-23 [1] CRAN (R 4.4.1)
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broom 1.0.7  2024-09-26 [1] CRAN (R 4.4.1)
cachem 1.1.0  2024-05-16 [2] CRAN (R 4.4.0)
car 3.1-3  2024-09-27 [1] CRAN (R 4.4.1)

carData 3.0-5 2022-01-06 [1] CRAN (R 4.4.0)
checkmate 2.3.1  2023-12-04 [1] CRAN (R 4.4.0)
cli 3.6.2  2023-12-11 [2] CRAN (R 4.4.0)
coda 0.19-4.1 2024-01-31 [1] CRAN (R 4.4.0)
codetools 0.2-20  2024-03-31 [2] CRAN (R 4.4.0)
colorspace  2.1-0  2023-01-23 [2] CRAN (R 4.4.0)
datawizard 0.13.0 2024-10-05 [1] CRAN (R 4.4.1)
devtools *2.4.5 2022-10-11 [1] CRAN (R 4.4.0)
digest 0.6.35 2024-03-11 [2] CRAN (R 4.4.0)
distributional 0.5.0 2024-09-17 [1] CRAN (R 4.4.1)
dplyr 1.1.4  2023-11-17 [2] CRAN (R 4.4.0)
effectsize 0.8.9 2024-07-03 [1] CRAN (R 4.4.0)
ellipsis 0.3.2  2021-04-29 [1] CRAN (R 4.4.1)
emmeans *1.10.5 2024-10-14 [1] CRAN (R 4.4.1)
estimability 1.5.1  2024-05-12 [1] CRAN (R 4.4.0)
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For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Data obtained from ChatGPTs and Google LLMs are publicly available on https://osf.io/kguwd/. The human dataset of the Glasgow norms is from [1], with word-
level data accessible at https://doi.org/10.3758/s13428-018-1099-3[32]. The corresponding trial-level data was kindly provided by Sara Sereno and Jack Taylor. The
Lancaster norms is from [2], and data including both word-level and trial-level can be found at https://embodiedcognitionlab.shinyapps.io/sensorimotor_norms/
[74]. The validation norms datasets are openly available via the following links: the datasets of valence, arousal, and dominance at https://link.springer.com/
article/10.3758/s13428-012-0314-x#SecESM1[33], the imageability norms at https://link.springer.com/article/10.3758/BF03195585#SecESM1[51], the
concreteness norms at https://link.springer.com/article/10.3758/s13428-013-0403-5#MOESM1[12], and the perceptual strength norms at https://
link.springer.com/article/10.3758/s13428-012-0215-z#SecESM1[52]

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Our paper involves two human datasets from previously published papers [1, 2]. According to [1], among 829 human
participants, 599 were females and 230 were males in terms of gender. The paper did not indicate whether sex and/or
gender of participants was determined based on self-report or assigned.
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Reporting on race, ethnici
other socially relevant
groupings

Population characteristics

Recruitment

Ethics oversight

Note that full information on th

According to [2], among 3,500 human participants, 1,644 were females, 1,823 were males, 12 participants preferred not to
indicate their gender and the gender information was missing for 21 participants.

ty, or Accordingto [1], the participants were native English speakers from the University of Glasgow community. The paper did not
report other socially relevant groupings such as race and ethnicity.

According to [2], the participants had English as their first language. The paper did not report other socially relevant
groupings such as race and ethnicity.

According to [1], human participants ranged in age from 16 to 73 years, with a mean of 21.7 years (SD = 7.4). The average
age was 21.5 years (SD = 7.6) for female participants and 22.3 years (SD = 6.9) for male participants.

According to [2], the average age of all participants was 34.9 years (SD = 10.3).

According to [1], human participants were recruited randomly through an advertisement link on the University of Glasgow's

Psychology Department homepage. They received either £6 per hour as compensation or course credit for their participation.

According to [2], the participants were recruited via MTurk and only experienced MTurk users who had completed over 100
tasks (i.e., MTurk HITS > 100) with high-quality performance (i.e., > 97% HIT approval) were admitted to the study to ensure
data quality. Participants were compensated US$2.75 per completed perceptual strength item list and US$2.25 per
completed action strength item list.

According to [1], the study adhered to the ethical guidelines and protocols set by the British Psychological Society.

According to [2], ethics approval for the study was granted by Lancaster University Research Ethics Committee.

e approval of the study protocol must also be provided in the manuscript.
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Behavioural & social sciences study design

All studies must disclose on

Study description

Research sample

these points even when the disclosure is negative.

This study employs a cross-sectional quantitative design, gathering data from both ChatGPTs and Google LLMs and compared them
with ratings generated by humans from the Glasgow and the Lancaster norms. The model prompt and design for LLMs were
standardized to match the instructions given to human subjects, maintaining consistency with human-subject data collection. To
ensure LLMs’ validity as cognitive models, we adopted standard validation techniques from human-subject research for dimensions
with notable human-model agreement.

We collected data from ChatGPT models - the gpt-3.5-turbo-0301 and gpt-4 (collected between May 28 and June 11, 2023) from the
OpenAl API, and Google LLMs - PaLM2 and Gemini-pro-1.0 from the Google API. The temperature parameter was set to O, following
recommendations in (Binz & Schulz, 2023) and (Kosinsky, 2023), to ensure deterministic responses. The maximum token length was
set to the upper limits permitted - 2,048 tokens for GPT-3.5, GPT-4, and Gemini, and 1,024 tokens for PaLM, This is a decision
informed by the need to capture complete responses without truncation. To enhance the reliability of our results, we implemented
four rounds of testing for each model. This approach allowed us to cross-verify the consistency of the outputs across multiple
iterations. These models were chosen due to their recognition as state-of-the-art in the field of large language models (LLMs). The
significance of using LLMs is highlighted by their ability to a) facilitate the examination of how different modalities (e.g., text
language, image, audio, etc.) of input influence learning processes, thereby shedding light on the intricacies of language and
cognition, and b) offer avenues for research that transcend the constraints inherent in human-based studies.

For comparative analysis with the models' performance, two pre-existing human-generated datasets were utilized: the Glasgow and
Lancaster norms. These include:

1. "The Glasgow Norms: Ratings of 5,500 Words on Nine Scales" by Graham G Scott, Anne Keitel, Marc Becirspahic, Bo Yao, and Sara
C Sereno, published in Behavior Research Methods, Volume 51, pages 1258-1270, in the year 2019.

2. "The Lancaster Sensorimotor Norms: Multidimensional Measures of Perceptual and Action Strength for 40,000 English Words" by
Dermot Lynott, Louise Connell, Marc Brysbaert, James Brand, and James Carney, also published in Behavior Research Methods,
Volume 52, pages 1271-1291, in 2020.

Additionally, validation was carried out using several established human-generated datasets, which include:

1. "Norms of Valence, Arousal, and Dominance for 13,915 English Lemmas" by Amy Beth Warriner, Victor Kuperman, and Marc
Brysbaert, published in Behavior Research Methods, Volume 45, pages 1191-1207, in 2013.

2. "Imageability Ratings for 3,000 Monosyllabic Words" by Michael J. Cortese and April Fugett, featured in Behavior Research
Methods, Instruments, & Computers, Volume 36(3), pages 384—387, in 2004.

3. "Concreteness Ratings for 40 Thousand Generally Known English Word Lemmas" by Marc Brysbaert, Amy Beth Warriner, and
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Victor Kuperman, published in Behavior Research Methods, Volume 46, pages 904-911, in 2014.

Sampling strategy Data collection from the ChatGPT and Google LLM models did not involve a predetermined sample size calculation. Nonetheless, in
alignment with prior research, the temperature parameter was set to 0, as recommended in (Binz & Schulz, 2023; Kosinsky, 2023), to
guarantee deterministic and consistent responses devoid of random fluctuations. The consistency of the model's responses across
multiple runs was assessed, with the agreement metrics detailed in the supplementary material.

Sampling procedure:

For the Glasgow dataset, we used convenience sampling by including all 5,553 words and followed the human-subject sampling
procedure [1]. The words were divided into 40 lists: eight lists contained 101 words each, while the remaining 32 lists contained 150
words each. The models rated all words in a list for one dimension before proceeding to the next, with the order of words within
each dimension and the order of dimensions in each testing round randomized.

For the Lancaster dataset[2], we extracted all the overlapping words (4,442 words) between the Lancaster norms and the Glasgow
norms to ensure uniform comparison. We adhered to the Lancaster norms when creating each testing list: 1) we checked the
recognizability of all the 4442 words (more than 95% of words were considered as 'known' by 95% human subjects) before creating
testing lists; 2) we extracted the concreteness ratings of all the 4,442 words from [3] and implemented a quantile split based on
these concreteness ratings; 3) we randomly extracted 12 words from each quantile and formed 48 testing words for each testing list;
4) we appended the five calibration words in the beginning of each testing list and randomly inserted five control words into each list;
5) For each testing list, the order of the testing words and the order of the sensory and motor dimensions were randomized.
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For the validation norms, we again used convenience sampling, by selecting all words that overlapped with those in the Glasgow
dataset when validating non-sensorimotor dimensions and with those in the Lancaster dataset when validating sensorimotor
dimensions.

Data collection Data were acquired from the OpenAl APl and the Google API, facilitated through Python scripts. The prompt and design for ChatGPT
were standardized to align with the guidelines provided to human subjects, thereby ensuring consistency with the methodology used
in human-subject data collection. No one else was present besides the researcher. Since data was collected from language models,
the researcher was aware of the study hypothesis but did not bias the models' responses.

Timing Data collection for the Glasgow/Lancaster norms from GPT-3.5 took place from March 25 to June 16th, 2023. For GPT-4, this data
was gathered between May 28 and June 11, 2023. Validation norm data for both GPT-3.5 and GPT-4 was collected over June 13th
and 14th, 2023. For Google LLMs, this data was collected between March 6th and April 6th, 2024. Validation norm data for Google
LLMs was collected between April 25 and May 5, 2024

Data exclusions In occasional instances, LLMs classified certain words as "unknown," adhering to the guidelines set in the prompt and consistent with
protocols from previous human-subject data collections. Typically, these words are ones that may contravene content policies. In line
with the practices described in Scott et al. (2019) and Lynott et al. (2020), such data points (i.e., scores from individual runs) were
excluded from the data analyses. In addition, PaLM2 failed to return ratings for several lists of words for the sensory dimensions,
resulting in ratings for only 2,481 words being collected due to this issue.

Non-participation No subjects declined participation.
Randomization This study is correlational, comparing four LLMs—GPT-3.5, GPT-4, PaLM, and Gemini—with human data from previously published
studies. These models were not assigned to different groups; all underwent the same testing materials and procedures. While they

vary in features such as training size and model architecture, these differences do not impact our evaluation of their similarity to
human data.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
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assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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