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Abstract

Recent studies suggest that transformer-based
vision-language models (VLMs) capture the
multimodality of concept processing in the
human brain. However, a systematic evalua-
tion exploring different types of VLM architec-
tures and the role played by visual and tex-
tual context is still lacking. Here, we anal-
yse multiple VLMs employing different strate-
gies to integrate visual and textual modalities,
along with language-only counterparts. We
measure the alignment between concept repre-
sentations by models and existing (fMRI) brain
responses to concept words presented in two ex-
perimental conditions, where either visual (pic-
tures) or textual (sentences) context is provided.
Our results reveal that VLMs outperform the
language-only counterparts in both experimen-
tal conditions. However, controlled ablation
studies show that only for some VLMs, such
as LXMERT and IDEFICS?2, brain alignment
stems from genuinely learning more human-
like concepts during pretraining, while others
are highly sensitive to the context provided at
inference. Additionally, we find that vision-
language encoders are more brain-aligned than
more recent, generative VLMs. Altogether,
our study shows that VLMs align with human
neural representations in concept processing,
while highlighting differences among architec-
tures. We open-source code and materials to re-
produce our experiments at: https://github.
com/dmg-illc/vl-concept-processing.

1 Introduction

Recent attempts to augment language-only models
with vision have resulted in a multitude of vision-
language models (VLMs), integrating modalities
with different strategies based on the task at hand.
While the practical implications of multimodality
are evident—it allows language-only models to
‘see’ and perform novel vision-language tasks—,
its theoretical implications from the point of view

of human language modelling are not yet fully un-
derstood.

Insights from cognitive and neuroscientific work
suggest that human semantic representations are
deeply grounded in multimodal sensory experi-
ences (Louwerse, 2011; Barsalou, 1999; Harnad,
1990; Bergen, 2012), and that visual and linguistic
stimuli evoke shared neural activity patterns (Dev-
ereux et al., 2013; Simanova et al., 2014; Popham
et al., 2021; Kaup et al., 2024). These findings mo-
tivate the hypothesis that semantic representations
learnt by VLMs approximate the human ones better
than representations by unimodal (both language-
only and vision-only) models.

However, existing works testing this empirically
point to diverging conclusions, with some stud-
ies documenting advantages of multimodality (e.g.,
Oota et al., 2022; Zhuang et al., 2024a), others
suggesting that multimodal fine-tuning ‘harms’ the
human-alignment properties originally acquired by
language models (e.g., Bavaresco and Ferndndez,
2025), and more nuanced contributions indicat-
ing that the advantages of multimodality are cir-
cumscribed (e.g., Pezzelle et al., 2021; Dong and
Toneva, 2023; Zhuang et al., 2024b; Ryskina et al.,
2025). A likely reason behind the difficulties in rec-
onciling the findings from these studies lies in their
addressing similar research questions with different
methods.

Among others, two under-investigated experi-
mental factors that may strongly impact measures
of human-likeness computed on VLM semantic
representations concern the type and amount of con-
text provided, and the differences between VLM
architectures. More concretely, many psycholin-
guistic studies on multimodality in concept process-
ing analysed human measures (both behavioural
and neural) collected by presenting participants
with non-contextualised words (e.g., Pezzelle et al.,
2021; Zhuang et al., 2024b; Bavaresco and Fer-
nandez, 2025). This may have resulted in limited
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engagement of multimodal knowledge, ultimately
leading to an under-appreciation of VLMs’ brain
modelling potential. An additional limitation of
previous work is that it mostly focused on the mul-
timodal/unimodal dichotomy, placing little empha-
sis on the substantial differences existing between
multimodal architectures, and their implications for
brain modelling.

In this study, we systematically compare ten
models, including VLMs and language-only coun-
terparts, by measuring their correlation with a sub-
set of the Pereira dataset (Pereira et al., 2018),
collecting human fMRI (functional magnetic reso-
nance imaging) responses to 180 concepts. Our ex-
periments address the limitations of previous work
in two respects.

First, we explore the role played by the context
provided through different modalities; we anal-
yse brain responses to concept words that were
presented to participants with either a sentential
context (sentence condition, where concept words
are presented within sentences) or a visual one
(picture condition, where concept words are ac-
companied by images illustrating their content),
as shown in Figure 1. Besides ensuring that mul-
timodal knowledge is engaged, focusing on this
dual-context setup allows us to better characterise
the brain-aligning properties of VLMs: if VLMs
are more brain-aligned than their language-only
counterparts only when visual context is provided,
their superiority may be simply due to accessing vi-
sual information that language-only models cannot
‘see’; on the other hand, if VLMs have an advan-
tage even without receiving an image input, this
signals they have truly learnt human-like, multi-
modal concept representations during pretraining.

Second, we evaluate different VLM families:
we indentify three classes of VLMs integrating
the visual and textual modalities through differ-
ent strategies, and test two representative exem-
plars for each. By comparing their alignment with
brain responses, we test whether multimodality
leads to a generalised pattern of improvement or is
family/architecture-dependent.

Our results reveal that VLMs tend to be more
brain-aligned than their language-only counterparts
in both context conditions, suggesting that they
successfully model human-like concept processing.
In addition, we find that vision-language encoders,
such as VisualBERT (Li et al., 2019) and LXMERT
(Tan and Bansal, 2019), model brain responses bet-
ter than the other VLM types, including the more

powerful, generative ones. This means that per-
formance on downstream tasks, where generative
VLMs excel, may not go hand in hand with human-
like concept processing. More broadly, our findings
contribute to the ongoing debate around whether
multimodality results in more human-like language
models or not, showing that it is beneficial for brain
alignment in concept processing.

2 Related Work

2.1 Multimodal models in cognitive modelling

Several recent studies have used transformer-based
multimodal models in brain encoding/decoding ex-
periments or to model behavioural data. Here, we
review the closest to our focus, i.e., those analysing
responses to concepts as opposed to more complex
stimuli (e.g., videos).

Pezzelle et al. (2021) evaluated word represen-
tations extracted from several VLM architectures
against human semantic judgments, including word
similarity and relatedness benchmarks. Their find-
ings reveal that VLM word representations align
better with human judgments than representations
from text-only models, although only on concrete
word pairs. Similarly, Zhuang et al. (2024a) and
Zhuang et al. (2024b) found visual grounding to re-
sult in improved and more efficient word learning,
especially in low-data regimes.

Considering studies analysing brain activations,
Oota et al. (2022) used several unimodal (language-
only and vision-only) models and VLMs to predict
a subset of the Pereira dataset (only the picture
condition), and found a VLM (VisualBERT, Li
et al., 2019) to be more brain-predictive than the
other architectures. Crucially, in this setup, multi-
modal representations are the only ones receiving
the same input shown to the human participants
(i.e., image+word). Therefore, it is difficult to de-
termine if their advantage is due to capturing some-
thing fundamental about concept processing, or
simply to having access to more information than
unimodal models.

Bavaresco and Fernandez (2025) partially ad-
dressed this limitation by comparing multimodal
and language-only models in a controlled setup,
where they were all fed with text-only inputs and
used to model fMRI responses collected while par-
ticipants viewed isolated nouns. Their results, sur-
prisingly, reveal an advantage of language-only
models, even on a subset of more concrete nouns.
As it is known that the presence of linguistic con-
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Figure 1: Overview of the experimental setup in the sentence (top) and picture (bottom) condition. Models are fed
with the same stimuli participants saw in the fMRI scanner, i.e., concept words appearing in six contexts (provided
by either sentences or pictures). Note that contexts are intended to highlight the same word meaning, but may
describe different situations (sentences are not image captions). Model representations and brain responses averaged
across the six contexts are then used to derive representational dissimilarity matrices (RDMs), storing pairwise
cosine distances. Finally, the Spearman correlation between these RDMs provides a measure for model-brain

alignment. Best viewed in colour.

text influences both brain responses to concepts
(Xu et al., 2005; Deniz et al., 2023) and mental
simulations of their content (Zwaan, 2014), a likely
explanation for their findings is that the brain re-
sponses they analysed did not reflect a detectable
engagement of multimodal knowledge.

Finally, Ryskina et al. (2025) analysed, again,
the Pereira dataset and predicted fMRI responses
using both VLMs and large language-only models
(LLMs). Their main goal was to identify concept-
sensitive brain regions and check whether their
neural activations can be successfully modelled
with VLMs and LLMs. Systematic comparisons
of VLM families and analyses of the role played
by context were, therefore, beyond the scope of
their study.

We complement these works by analysing brain
responses to concepts presented within different
context conditions, including a picture condition,
as analysed by Oota et al. (2022), and a sentence
condition. This allows us to determine if VLMs’
alignment with human brain responses is modu-
lated by the context or consistent across visual and
sentential contexts.

2.2 VLM families

Transformer-based  vision-language  models
(VLMs) can be divided into three categories:
contrastive models, vision-language encoders,
and generative VLMs. Contrastive models, such
as CLIP (Radford et al., 2021), ALIGN (Jia
et al., 2021), and LiT (Zhai et al., 2022), encode
images and text separately, with two dedicated
transformer-based modules. ~ These modules

are pre-trained with a contrastive loss, which
maximises the similarity between image and text
embeddings of matching image-text pairs.

Vision-language encoders are characterised by
a specific module that uses attention mechanisms
to learn relations between visual features extracted
with an object detector and text embeddings. In
some architectures, such as Visual BERT (Li et al.,
2019), language processing and multimodal inte-
gration are performed by the same BERT-based
(Devlin et al., 2019) module; in other architectures,
e.g., LXMERT (Tan and Bansal, 2019), text is en-
coded in a dedicated transformer module before
being passed to the cross-modal module.

Lastly, generative VLMs consist of a pretrained
LLM, a pretrained vision encoder, and an ‘adaptor’
(or ‘projector’), i.e., a shallow module which learns
a mapping between the space of the image tokens
and that of the language tokens. Examples of these
architectures are LLaVA-NeXT (Liu et al., 2024),
IDEFICS2 (Laurengon et al., 2024), Qwen2.5-VL
(Bai et al., 2025), and Molmo (Deitke et al., 2024).!

The studies reviewed above (Section 2.1) used
exemplars from at most two of the VLM families,
but a comprehensive comparison remains elusive.
To address this gap, we experiment with six
different VLMs, including representatives from
each family.

"Here, we do not review proprietary models as they do
not allow extracting layer-wise representations, which are
fundamental for assessing brain alignment.
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3 Methods

To study the alignment between vision-language
models (VLMs) and brain responses, we focus on a
dataset of neural responses to concept words, which
participants read either accompanied by pictures
or within sentences (Experiment 1 in Pereira et al.,
2018). We derive representations from the same
concept words using a set of VLMs and language-
only models and quantify their alignment with hu-
man responses in two brain networks with repre-
sentational similarity analysis (RSA, Kriegeskorte
et al., 2008). An overview of our experimental
setup is provided in Figure 1.

3.1 Brain responses

The brain responses we focus on were collected by
Pereira et al. (2018). They consist of voxel-wise
fMRI activations collected while 16 participants
were presented with English words representing
specific concepts in different conditions. There are
180 concept words in total, including different parts
of speech (128 nouns, 22 verbs, 29 adjectives and
adverbs, and 1 function word; see Appendix A.1
for the full list).

We consider two experimental conditions: a
language-only sentence condition and a multimodal
picture condition. In the sentence condition, partic-
ipants were fMRI-scanned while reading sentences
where the target words were boldfaced. For each
concept word, participants saw six sentences, one
at a time. In the picture condition, each word was
presented together with an image illustrating the
relevant concept. Again, participants viewed six
different images for each concept word, one at a
time. In both conditions, participants were asked
to think about the meaning of the target concept.

We use the brain responses as preprocessed by
Pereira et al. (2018). More concretely, the prepro-
cessed response for each stimulus consists of an
array where entries represent the ‘magnitude’ of the
brain activity at different voxels. While responses
were recorded for the whole brain, we focus on
two specific regions, involved in either linguistic or
visual processing: the left-hemisphere Language
network (Fedorenko et al., 2011) and the Visual
network (Power et al., 2011; Buckner et al., 2008).
Responses are averaged across the six presentations
of the same word per condition; hence, for each
participant, we have one averaged brain response
per concept, condition, and brain network. See
Appendix A.2 for additional details on the brain

responses and the anatomical regions included in
the two brain networks.

3.2 Models

We employ two main types of models: a set of
VLMs trained on images and text, and a set of
language-only models trained exclusively on text.
To make our evaluation comprehensive, we include
multiple VLMs that are representative of the fami-
lies described in Section 2. Regarding the language-
only models, we include architectures that either
provide informative baselines (e.g., GloVe) or use-
ful comparisons with specific VLMs.? We briefly
describe the models here and refer to Appendix B.1
for details about the specific implementations.

Vision-language models We select two repre-
sentative VLMs from each family. More specifi-
cally, we consider CLIP (Radford et al., 2021) and
ALIGN (Jia et al., 2021) for the contrastive VLMs,
VisualBERT (Li et al., 2019) and LXMERT (Tan
and Bansal, 2019) for the vision-language encoders,
and IDEFICS2 (Laurengon et al., 2024) and LLaVA
NeXT (Liu et al., 2024) for the generative VLMs.

Language-only models We experiment with
one encoder-only language model (BERT, Devlin
et al., 2019) and two decoder-only large language
models—Mistral (Jiang et al., 2023) and Llama3
(Grattafiori et al., 2024). In addition, we include
the simpler distributional semantic model GloVe
(Pennington et al., 2014). BERT forms the basis of
the language components of ALIGN, VisualBERT
and LXMERT,? while Mistral and Llama3 are the
language models used in IDEFICS2 and LLaVA
NeXT, respectively. Finally, while GloVe does not
output contextualised representations, its embed-
dings were used by Pereira et al. (2018) to select the
concept stimuli for the fMRI study; we therefore
include them as they provide a useful reference.

3.3 Extracting representations

To extract model representations that we can com-
pare to the fMRI responses, we feed the models
with the same stimuli presented to the participants
in the experiments by Pereira et al. (2018). Differ-
ent models require slightly different inputs, as we

“Note that testing state-of-the-art models is not crucial
for our goals. We choose fully open-source VLMs that have
a language-only counterpart and were among the best ones
when the experiments were conducted.

*While VisualBERT is initialised with BERT weights,
LXMERT and ALIGN train their BERT-based modules from
scratch.
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explain in detail in this section.

Sentence condition In this condition, partici-
pants read sentences without visual information.
All transformer-based models (both VLMs and
language-only models) are fed with the same sen-
tences, without any image. One exception to the
procedure is LXMERT; as it requires some visual
input in addition to text, we pass an image made
up of random noise along with each sentence.*

After extracting model representations (hidden
states) for the entire sentences from each model
layer, we select those corresponding to the tokens
of the target concept word. If the target word con-
sists of several tokens, we average the hidden states
of the relevant tokens. Finally, we average again
over the six contexts where the word appears. All
averages are computed layer-wise. This means that
our procedure yields one concept representation for
each concept at each model layer.

As for GLoVe, given that it provides static (type-
based) decontextualised representations, we sim-
ply select the pre-trained GloVe embedding corre-
sponding to each target word.

Picture condition In this condition, participants
see each word together with an image. For the
VLMs, both the target word and each image ac-
companying it are fed to the models. When using
contrastive models, we integrate the image and text
embeddings by taking their element-wise sum.’
For the VL encoders, we extract hidden states from
all text-specific layers and from the cross-modal
layers. In generative VLMs, we consider the hid-
den states from all layers of the LLM module. To
obtain a final representation for each concept word
that can be compared to brain activations, we then
average the extracted representations across the six
images per word. For the language-only models,
only the target word is provided as input.

3.4 Evaluation

We evaluate the models’ alignment to fMRI data
with Representational Similarity Analysis (RSA,
Kriegeskorte et al., 2008), which is illustrated in
Figure 1. In the following, we explain how it differs
from other existing metrics and describe how it was
computed in our setup.

*We create a different random-noise image for each sen-
tence. These images are linked to our public GitHub reposi-
tory.

SWe also tested element-wise multiplication and concate-
nation, but these resulted in less brain-aligned representations.

RSA vs. other metrics Given two representa-
tional spaces (e.g., those defined by fMRI re-
sponses and model representations), RSA measures
whether the between-stimuli relations (typically
distances) in one space are similar to the relations
in the other (second-order isomorphism, Shepard
and Chipman, 1970). This means that the informa-
tion it provides is at the level of similarity between
representational geometries (representational sim-
ilarity), rather than between feature spaces (Duj-
movic et al., 2024).

Alternative metrics that are better suited to study
brain predictivity at the feature level concern the
‘brain encoding’ performance, or ‘linear predic-
tivity’ (Naselaris et al., 2011). These methods
involve training transformations from the model
embedding space to optimise the fit with neural
data, which usually results in higher correlation
scores than RSA. However, such metrics have been
found lacking in other desirable properties such as
functional consistency (e.g., Bo et al., 2025). Addi-
tionally, the fact that they involve an optimisation
step makes it difficult to disentangle how much
the resulting correlations are attributable to model
features vs. optimisation.

Given that the best choice of alignment metric
ultimately depends on the research goals (Ivanova
et al., 2021a), we deem RSA to be suitable for our
interest in observing relative differences between
models rather than maximising neural predictivity.

Computing RSA  As routinely done in RSA, we
approximate brain and model spaces through repre-
sentational dissimilarity matrices (RDMs), whose
entries store cosine distances between concept rep-
resentations (i.e., brain responses or model em-
beddings). We then quantify their alignment as
a Spearman correlation over the vectorised off-
diagonal elements of the RDMs, corresponding to
the unique set of pairwise distances in each space.
A significant positive correlation between RDMs
indicates that there is representational similarity be-
tween brain-derived and model-derived spaces. We
compute representational similarity against brain
RDMs averaged across single participants.® For
each model with multiple layers, RSA is computed
separately for each layer’s representations. When
drawing comparisons between models, we consider
the best (i.e., most aligned) layer for each model.
We verify that differences in brain alignment be-

%We elaborate more on the reasons behind this choice in
the Limitations section at the end of the paper.
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Figure 2: RSA results for the sentence condition (upper row) and picture condition (lower row). Spearman
correlations indicate the alignment between concept representations by models and fMRI responses in the left-
hemisphere (LH) language network and in the visual network. Numbers in brackets indicate the model layer from
which representations were extracted. Note that the range of the x axes differs between conditions.

tween models are statistically significant by ap-
plying a Fisher transformation to all the unique
pairs of Spearman correlations and calculating the
p-value associated with the difference between the
two z-scores. To control for false positives due
to multiple comparisons (45 per brain network in
each condition), p-values are Bonferroni-corrected
with a = 0.05. We report the complete set of p-
values in Appendix C.1, Table 2. To obtain a ran-
dom baseline for the representational similarity,
we compute alignment against shuffled brain re-
sponses, i.e., a condition where each concept was
associated with a randomly chosen fMRI response
from a non-matching concept.

4 Results

Our main results are visualised in Figure 2, which
reports representational similarity from the most
brain-aligned model layer in the cases where we
extract representations from multiple. All the dis-
played correlations are significantly different from
0, which coincides with the random baseline com-
puted by shuffling brain responses. Layer-wise
RSA values for all models are provided in Ap-
pendix C.2.

Sentence condition As displayed in the upper
row of Figure 2, all models exhibit low to moder-
ate positive correlations with brain responses from
both networks. In the language network, the VL
encoder VisualBERT is statistically significantly
more brain-aligned than all the other models (p =
0.10) except for LXMERT (p = 0.08). Additionally,
GloVe’s correlation with fMRI responses is not sig-
nificantly different from that of the more advanced
models—both multimodal and unimodal—CLIP,
LXMERT, IDEFICS2 and Mistral. Comparisons
between VLMs and their language-only counter-
parts reveal that both VisualBERT and LXMERT
are significantly more brain-aligned than BERT,
while LLaVA and IDEFICS?2 are not different from
their language decoders Llama3 and Mistral.

In the visual network, language-only models
surprisingly achieve significant correlations, with
Mistral performing comparably with the VLM
LXMERT and outperforming LLaVA, CLIP and
ALIGN. However, the highest correlations are
still observed for the VLMs VisualBERT and
IDEFICS2 (p = 0.09 for both), which significantly
outperform all other models except for LXMERT
and Mistral. Regarding the remaining comparisons
between VLMs and language-only counterparts,
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LLaVA’s advantage over Llama3 is not significant,
while both VisualBERT and LXMERT are signifi-
cantly more brain-aligned than BERT. Remarkably,
language-only models achieve significant correla-
tions in this network even if no visual information
is being presented.

Picture condition Results displayed in the lower
row of Figure 2 show higher correlations than in
the sentence condition, which can be attributed to
higher signal (i.e., higher inter-participant similari-
ties) in the fMRI responses. Notably, VLMs are sig-
nificantly more brain-aligned than their unimodal
counterparts in both brain networks.

In the LH language network, both contrastive
VLMs and VL encoders exhibit moderate correla-
tions with brain responses (p > 0.3), which are
all statistically significantly stronger than those
achieved by generative VLMs and language-only
models. In the visual network, VisualBERT out-
performs all other models (p = 0.48) and CLIP,
ALIGN and LXMERT exhibit similar brain corre-
lations (0.25 < p < 0.29).

Lastly, GloVe exhibits higher correlations than
all other more powerful language-only models
in the language network. This is likely because
Pereira et al. (2018) selected the concept stimuli to
include in their experiment using GloVe represen-
tations, as we mentioned above.

4.1 Trends across the board

Overall, our results indicate an advantage of VLMs
over the language-only counterparts that is consis-
tent across conditions and brain networks. Below,
we highlight the main implications regarding dif-
ferences among VLMs and comparisons with their
unimodal counterparts.

VLM families Our findings reveal that VL en-
coders are the most brain-aligned, outperforming
the other model families in all scenarios except
for the language network in the picture condition,
where contrastive VLMs have an advantage. A
possible explanation for this result is that con-
trastive VLMs are effective at capturing object-
word correspondences—a scenario quite akin to
the picture condition—but struggle to accurately
represent more complex relations between entities
(Thrush et al., 2022; Liu et al., 2023; Parcalabescu
et al., 2022; Hendricks and Nematzadeh, 2021).
This limitation may, therefore, have resulted in
lower performance compared to the VL encoders.

Regarding generative VLMs, their brain correla-

tions in the picture condition are lower than those
by contrastive VLMs and VL encoders. Even in the
sentence condition, where there is linguistic context
they can incorporate in their word representations,
they still do not outperform VL encoders—a sur-
prising result, given their superior performance on
downstream tasks. A potential reason for this may
be that autoregressive pretraining privileges pro-
duction over representation (BehnamGhader et al.,
2024; Muennighoff et al., 2025; Springer et al.,
2024), making word-level representations less ex-
pressive than those by previous architectures.

VLMs vs. language-only counterparts In gen-
eral, we observe an advantage of VLMs over
language-only models, albeit with differences be-
tween conditions. In the picture condition, all
VLMs are more brain-aligned than their unimodal
counterparts, indicating that their ability to pro-
cess visual information is beneficial for modelling
brain-relevant semantic aspects.

In the sentence condition, results are more
nuanced, with VisualBERT and LXMERT out-
performing BERT, and IDEFICS2, LLaVA and
ALIGN never significantly outperforming Mistral,
Llama3 and BERT, respectively. This suggests that
the type of context provided (visual vs. sentential)
affects the brain-modelling abilities of VLMs vs.
their language-only counterparts. We further inves-
tigate this aspect in two ablation studies.

5 Ablation Studies

To complement the findings provided by RSA, we
conduct two ablation analyses aimed at better un-
derstanding what drives VLMSs’ brain alignment in
both experimental conditions.

5.1 Semantic information in the sentence
condition

The analyses presented earlier allow comparing
the brain alignment of VLMs against that of the
language-only counterparts. However, finding that
VLMs achieve similar brain alignment to unimodal
counterparts does not automatically indicate they
rely on the same knowledge: while it seems natu-
ral to assume that representations by a VLM will
incorporate the brain-relevant information by the
underlying language module (and perhaps learn
additional information as a result of multimodal
fine-tuning), it is still possible that vision-language
fine-tuning alters the language-module information
substantially. The two scenarios are illustrated in
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Appendix B.2, Figure 5. To investigate this, we
conduct a partial correlation analysis aimed at re-
moving from VLMs’ embedding spaces the infor-
mation shared with LLMs’ spaces. We focus on a
subset of models whose architecture is highly sim-
ilar to that of the language-only counterpart, i.e.,
VisualBERT, LXMERT, LLaVA and IDEFICS2.’

Computing partial correlations Partial cor-
relations are computed as follows. Consider
the RDM from a VLM y, the RDM from its
language-only counterpart x, and the residuals
r; = y; — ¥; from the linear regression with
equation §; = a + bx;. The partial correlation
achieved by the VLM is defined as the Spearman
correlation p(r;, z;), where z represents the RDM
of the brain responses, and it provides an indication
of the VLM’s brain alignment achieved once
the representational information shared with the
language-only counterpart is ablated.

Results VLMs’ initial (as reported in the main
experiment) and partial correlations with brain
responses are displayed in Figure 3. If the brain
alignment of a VLM is driven by its language-only
component, the partial correlation should be
significantly lower than the initial correlation,
signalling that the removed information mattered.
In contrast, the absence of such a difference
indicates that the semantic knowledge learnt by
the language-only module was not responsible for
the brain alignment achieved by the VLM; hence,
the knowledge driving alignment must come from
multimodal training.

In the language network, all differences be-
tween partial and initial correlations—except for
IDEFICS?2 in language LH—are not statistically
significant, suggesting that the brain alignment
achieved by these models cannot be attributed to se-
mantic information already present in the language-
only modules, but to different knowledge acquired
during multimodal pretraining. In the visual net-
work, results reveal diverging patterns between gen-
erative VLMs and the other VLMs: the differences
between initial and partial correlations are statisti-
cally significant for the former, while they are not
for the latter. Interestingly, this suggests that part of
the information relevant for alignment with visual
brain responses was already present in Mistral and

"While VisualBERT, LLaVA and IDEFICS2 were ini-
tialised with pretrained weights from their language-only coun-
terparts, ALIGN and LXMERT were trained multimodally
from scratch and are hence not included.

LH Language

ALIGN
VisualBERT
LXMERT
LLaVA I Initial
IDEFICS2 - Wio Lang.
0.00 0.05 0.10
Spearman p
Visual
ALIGN
VisualBERT
LXMERT
LLaVA *
IDEFICS2 *
0.00 0.05 0.10

Spearman p

Figure 3: Initial (as reported in the main experiment)
and partial correlations between VLM representations
and fMRI responses in the sentence condition. Sta-
tistically significant differences (marked by asterisks)
between initial and partial correlations indicate that
the brain-relevant information captured by the VLM
is shared with that present in its language module.

Llama3 before any vision-language training. That
is, the brain-aligning information in these language-
only models (see Figure 2) seems to be maintained
after multimodal fine-tuning.

5.2 Visual information in the picture
condition

In the picture condition, we found a systematic
advantage of VLMs over their language-only coun-
terparts. However, a potential confound could be
that VLMs have access to additional contextual
information—the picture—that is available to hu-
man participants but not to language-only models.
In this sense, their superior alignment with human
responses could stem from an uneven comparison
rather than indicate that they capture additional
semantic information.

To shed more light on this issue, we conduct
an ablation study where we pass only the con-
cept word (without pictures®) to the VLMs, so
that the input they receive matches that provided
to language-only models. We then recompute
RSA against human fMRI responses from the pic-
ture condition, following the same procedures em-
ployed in the main experiment. The resulting Spear-

8 Again, LXMERT requires a visual input. As we do in the
sentence condition, we pass a random-noise image.
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LLaVA (1) { 772
Mistral (33) A
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BERT (2) Lang.-only Models
GloVe A
0.0 0.1 0.2 0.3
Spearman p

Visual
CLIP 7/////
ALIGN - /
LXMERT (10) 1 L
VisualBERT (5) 1 LA
IDEFICS2 (27) v /]
LLaVA (1) -
Mistral (33) A
Llama3 (33) 1
BERT (2) -
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0.0 0.1 0.2 0.3
Spearman p

Figure 4: Results from the ablation study where we pass only concept words to both VLMs and language-only
models. For both brain networks, we show the Spearman correlations resulting from RSA, indicating the alignment
between models and fMRI responses from the picture condition. Numbers in brackets indicate the layers from

which representations are extracted.

man correlations are provided in Figure 4. We
assess the statistical significance of differences be-
tween each pair of correlations per network as in
the main experiment.

This analysis reveals striking differences be-
tween VLMs: CLIP, ALIGN, VisualBERT, and
LLaVA suffer dramatic drops in brain alignment
when the picture is not provided as input, indicating
their initial correlation was highly influenced by the
context provided by the picture; on the other hand,
brain-alignment variations observed for LXMERT
and IDEFICS?2 are minimal, suggesting their brain
alignment is less sensitive to the presence of an
input image (see also Figure 6 in the Appendix).

Despite the performance drop suffered by some
of the VLMs, the most brain-aligned architectures
in both networks remain multimodal: LXMERT
is significantly more brain-aligned than all other
models, and VisualBERT significantly outperforms
all language-only models.

Considering VLMs and their language-only
counterparts, LXMERT and VisualBERT signif-
icantly outperform BERT, while ALIGN is /ess
brain-aligned than BERT across both brain net-
works. As for the generative VLMs, IDEFICS2
remains significantly more brain-aligned than Mis-
tral, and LLaVA is significantly less brain-aligned
than LLama3 in the visual network.

Overall, this analysis suggests that, while some
architectures rely heavily on input images, others
yield strong brain correlations even without mean-
ingful visual input.

6 Conclusion

We provide a broad investigation of the brain align-
ment to human concept processing achieved by

vision-language models from different families,
drawing meaningful comparisons with language-
only models and considering two experimental con-
ditions and two brain networks.

Our results show evidence that the highest brain
alignment is consistently achieved by one of the
VLMs (and not a language-only model), although
not the same architecture across all conditions and
brain networks. Additionally, we find that vision-
language encoders tend to exhibit higher brain
alignment than the more recent generative VLMs.
Lastly, our findings demonstrate that the superior
brain alignment achieved by vision-language en-
coders cannot be solely attributed to receiving ad-
ditional input at inference, but stems from learn-
ing novel multimodal semantic information during
their pretraining.

More broadly, our findings speak to a wider
research effort aimed at better understanding
the effects of multimodality on language mod-
elling. This includes works showing that vision-
language training harms performance on natural-
language-understanding (Iki and Aizawa, 2021)
and commonsense-reasoning benchmarks (Madasu
and Lal, 2023), and others finding it results in im-
proved deployment of taxonomic knowledge (Qin
et al., 2025) and prediction of words in context
(Wang et al., 2023), but without fundamentally al-
tering linguistic representations. We believe that
our work, together with concurrent NeuroAl stud-
ies such as those reviewed in the previous sections,
contributes an additional meaningful perspective,
and we hope it will inspire future efforts to evaluate
and design more human-like VLMs.
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Limitations

Our aim was to provide a comprehensive evalua-
tion of VLMs off-the-shelf, as they are being used
by the Al community. It is important to consider
that these VLMs differ along many dimensions, in-
cluding size, architecture, learning objective and
amount of training data. While the differences in
brain alignment we observed between them are in-
teresting and meaningful, our setup does not allow
attributing them to one specific factor.

Another potential limitation of our study pertains
to the ROIs we considered. The visual network and
the left-hemisphere language network we analysed
provide useful insights into how the brain responds
to visuo-linguistic stimuli, but two caveats remain.
The first is that the involvement of the language
network in semantic processing is still under in-
vestigation, with recent studies suggesting that its
activation may not be required for semantic pro-
cessing (Ivanova et al., 2021b), and that additional
regions outside this network are activated by con-
cepts irrespective of the modality through which
they are presented (Ryskina et al., 2025). Relat-
edly, the second caveat is that part of the multi-
modal integration arising from concept processing
may happen in brain regions that we did not anal-
yse, but were previously shown to be involved in
multimodal processing (Fairhall and Caramazza,
2013; Bonner et al., 2013; Handjaras et al., 2016;
Nikolaus et al., 2024).

Finally, we did not investigate inter-participant
differences in brain alignment. We chose to aver-
age brain responses (more precisely, brain RDMs)
across participants due to the high amount of noise
in the individual data, especially in the language
network. Averaging responses allowed us to get a
stronger signal when measuring correlations with
model representations. At the same time, this pro-
cedure may have ‘evened out’ some participant-
specific patterns.
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A Data
A.1 Concepts

The full list of concept words from the Pereira
dataset (Pereira et al., 2018) is the following:

Ability, Accomplished, Angry, Apart-
ment, Applause, Argument, Argumen-
tatively, Art, Attitude, Bag, Ball, Bar,
Bear, Beat, Bed, Beer, Big, Bird, Blood,
Body, Brain, Broken, Building, Burn,
Business, Camera, Carefully, Challenge,
Charity, Charming, Clothes, Cockroach,
Code, Collection, Computer, Construc-
tion, Cook, Counting, Crazy, Damage,
Dance, Dangerous, Deceive, Dedication,
Deliberately, Delivery, Dessert, Device,
Dig, Dinner, Disease, Dissolve, Dis-
turb, Do, Doctor, Dog, Dressing, Driver,
Economy, Election, Electron, Elegance,
Emotion, Emotionally, Engine, Event,
Experiment, Extremely, Feeling, Fight,
Fish, Flow, Food, Garbage, Gold, Great,
Gun, Hair, Help, Hurting, Ignorance, IlI-
ness, Impress, Invention, Investigation,
Invisible, Job, Jungle, Kindness, King,
Lady, Land, Laugh, Law, Left, Level,

Liar, Light, Magic, Marriage, Material,
Mathematical, Mechanism, Medication,
Money, Mountain, Movement, Movie,
Music, Nation, News, Noise, Obligation,
Pain, Personality, Philosophy, Picture,
Pig, Plan, Plant, Play, Pleasure, Poor,
Prison, Professional, Protection, Qual-
ity, Reaction, Read, Relationship, Reli-
gious, Residence, Road, Sad, Science,
Seafood, Sell, Sew, Sexy, Shape, Ship,
Show, Sign, Silly, Sin, Skin, Smart, Smil-
ing, Solution, Soul, Sound, Spoke, Star,
Student, Stupid, Successful, Sugar, Sus-
pect, Table, Taste, Team, Texture, Time,
Tool, Toy, Tree, Trial, Tried, Typical, Un-
aware, Usable, Useless, Vacation, War,
Wash, Weak, Wear, Weather, Willingly,
Word.

A.2 fMRI responses and preprocessing

Pereira et al. (2018) preprocessed the fMRI data
by estimating the response to each stimulus us-
ing a general linear model in which each stimulus
presentation (sentence or word and picture) was
modeled with a boxcar function convolved with the
canonical hemodynamic response; the voxelwise
beta estimates are what we referred to as brain re-
sponses or vixel-wise activations throughout the

paper.
B Extended Methods

B.1 Model details

We use both VLMs and their language-only coun-
terparts off-the-shelf, as publicly available in the
HuggingFace” library. Below, we report the Hug-
gingFace IDs of the specific model implementa-
tions used in our experiments:

* openai/clip-vit-large-patchi14

e kakaobrain/align-base

e unc-nlp/lxmert-base-uncased

e uclanlp/visualbert-vga-coco-pre
* HuggingFaceM4/idefics2-8b

* 1lava-hf/1lama3-1lava-next-8b-hf
* bert-base-uncased

e mistralai/Mistral-7B-v0.1

*https://huggingface.co/
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Network

Regions of Interest

Language - Posterior temporal lobe - Inferior frontal gyrus

- Anterior temporal lobe - Middle frontal gyrus

- Angular gyrus - Orbitan inferior frontal gyrus
Visual - Parahippocampal place area - Superior temporal sulcus

- Retrosplenial cortex

- Transverse occipital sulcus

- Lateral occipital area

- Fusiform face area
- Occipital face area
- Extrastriate body area

Table 1: Brain regions of interest (ROIs) corresponding to our investigated functionally localised language and

visual networks.

Initial brain alignment by VLM: p = 0.25

Situation 2: VLM shares little
information with language module

Situation 1: VLM shares substantial
information with language module

Partial correlation of VLM
without language module:
p =0.01

Partial correlation of VLM
without language module:
p=0.18

Figure 5: Schematic illustrating situations that can be
disambiguated by computing partial correlations. If the
initial brain alignment of a VLM is attributable to infor-
mation substantially shared with the language-only mod-
ule, the partial correlation will be significantly weaker
than the initial correlation.

e meta-llama/Meta-Llama-3-8B-Instruct

As for the GloVe representations included in our
study, they were extracted using the official vec-
tors'? pretrained on CommonCrawl (840B tokens
version).

B.2 Partial correlation analysis

To better illustrate how partial correlation analysis
can help disentangle the representational-alignment
contributions by different models, we provide a
visualisation in Figure 5.

C Detailed Results

C.1 Comparisons between models

Table 2 provides all the ‘raw’ (i.e., not yet Bonfer-
roni corrected) p-values we calculate in the main
experiment to assess whether pairwise differences
between models are statistically significant.

C.2 Layer-wise RSA results

We provide layer-wise RSA results for the sentence
condition in Tables 3, 5, 4 and 6. Layer-wise re-

Ohttps://nlp.stanford.edu/projects/glove/

sults for the picture condition are reported in Ta-
bles 7 and 8. In each of these tables, we boldface
the highest correlation value (which was identi-
fied before rounding to the second decimal) and
check whether it is statistically significantly dif-
ferent from the correlation achieved by each of
the other layers by performing pairwise compar-
isons as described in the main paper. p-values are
Bonferroni-corrected, with the number of compar-
isons amounting to 1 — #layers for each model.

C.3 Picture condition ablation: Additional
comparison

To facilitate comparison between VLMs’ brain
alignment in the picture condition when the im-
age is passed vs. when it is not, we visualise this
information in Figure 6.
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Model Pair LH Language Visual
Sent.  Pic. Sent.  Pic.

CLIP - ALIGN 0.001 0.014 0.051 0.0
CLIP - LXMERT 0.0 0.0 0.0 0.229
CLIP - VisualBERT 0.0 0.0 0.0 0.0
CLIP - IDEFICS2 0.745 0.0 0.0 0.0
CLIP - LLaVA 0.0 0.0 0.013 0.0
CLIP - Mistral 0.567 0.0 0.0 0.0
CLIP - Llama3 0.0 0.0 0.555 0.0
CLIP - BERT 0.001 0.0 0.234 0.0
CLIP - GloVe 0.097 0.0 0.001 0.0
ALIGN - LXMERT 0.0 0.004 0.0 0.0
ALIGN - Visual BERT 0.0 0.005 0.0 0.0
ALIGN - IDEFICS2 0.002 0.0 0.0 0.0
ALIGN - LLaVA 0.324 0.0 0.0 0.0
ALIGN - Mistral 0.004 0.0 0.0 0.0
ALIGN - Llama3 0.078 0.0 0.011 0.0
ALIGN - BERT 0.823 0.0 0.447 0.0
ALIGN - GloVe 0.0 0.0 0.147 0.0

LXMERT - VisualBERT 0.155 0.977 0.037 0.0
LXMERT - IDEFICS2 0.0 0.0 0.135 0.0

LXMERT - LLaVA 0.0 0.0 0.033 0.0
LXMERT - Mistral 0.0 0.0 0.982 0.0
LXMERT - Llama3 0.0 0.0 0.0 0.0
LXMERT - BERT 0.0 0.0 0.0 0.0
LXMERT - GloVe 0.008 0.0 0.0 0.0

VisualBERT - IDEFICS2 0.0 0.0 0.552 0.0
VisualBERT - LLaVA 0.0 0.0 0.0 0.0
Visual BERT - Mistral 0.0 0.0 0.035 0.0
VisualBERT - Llama3 0.0 0.0 0.0 0.0

Visual BERT - BERT 0.0 0.0 0.0 0.0
VisualBERT - GloVe 0.0 0.0 0.0 0.0
IDEFICS2 - LLaVA 0.0 0.01 0.0 0.0
IDEFICS?2 - Mistral 0.805 0.0 0.129 0.0
IDEFICS2 - Llama3 0.0 0.0 0.0 0.0
IDEFICS2 - BERT 0.004 0.0 0.0 0.0
IDEFICS2 - GloVe 0.047 0.0 0.0 0.063
LLaVA - Mistral 0.0 0.0 0.035 0.0
LLaVA - Llama3 0.438 0.0 0.059 0.0
LLaVA - BERT 0.226 0.0 0.0 0.0
LLaVA - GloVe 0.0 0.0 0.0 0.001
Mistral - Llama3 0.0 0.0 0.0 0.001
Mistral - BERT 0.008 0.0 0.0 0.002
Mistral - GloVe 0.026 0.0 0.0 0.0
Llama3 - BERT 0.047 0.0 0.075 0.819
Llama3 - GloVe 0.0 0.0 0.0 0.0
BERT - GloVe 0.0 0.072 0.027 0.0

Table 2: p-values associated with all pairwise model comparisons in the main experiment before Bonferroni
corrections.
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Layer CLIP ALIGN LXMERT  VisualBERT BERT

1 -0.06 (0.00* -0.0(0.58)*  0.07(0.0) 0.1 (0.0) 0.01 (0.13)
2 0.05(0.0)  -0.01 (0.22)* 0.07(0.0)  0.08(0.0)  0.02 (0.0)
3 0.03(0.0)  0.01(0.13)  0.07(0.0) 0.07(0.0)  0.02(0.0)
4 0.02 (0.0)*  0.02(0.01)  0.08(0.0) 0.07(0.0)  0.02(0.01)
5 0.01 (0.43)* 0.01 (0.2) 0.06 (0.0)  0.07(0.0)  0.02(0.03)
6 -0.0 (0.64)* -0.0 (0.9) 0.05 (0.0)*  0.07 (0.0)*  0.02 (0.01)
7 0.01 (0.13)* 0.0 (0.81) 0.04 (0.0)*  0.06 (0.0)*  0.02 (0.05)
8 0.0 (0.68)* 0.0 (0.81) 0.03 (0.0)*  0.06 (0.0)*  0.01(0.3)

9 0.01 (0.24)* 0.0 (0.63) 0.04 (0.0)*  0.05(0.0)*  -0.0 (0.58)*
10 -0.0 (0.66)* 0.0 (0.74) 0.04 (0.0)*  0.03 (0.0)*  -0.03 (0.0)*
11 0.01 (0.12)* -0.0(0.97)  0.03(0.0)* 0.01 (0.22)* -0.05 (0.0)*
12 0.01 (0.1)* 0.0 (0.69) 20.03 (0.0)* -0.0 (0.57)* -0.05 (0.0)*
13 0.05(0.0)  0.02(0.02)  -0.08 (0.0)* 0.0(0.55)*  -0.08 (0.0)*
14 _ _ 0.03 (0.0)% - ;

Table 3: Layer-wise RSA values (Spearman correlations) for the sentence condition and LH language network, with
p-values indicating the significance of the correlation (i.e., whether it is different from 0) in brackets. Note that
asterisks indicate whether each correlation is statistically significantly different from the correlation achieved by the

best layer (boldfaced value).

Layer CLIP ALIGN LXMERT  VisualBERT BERT

1 -0.04 (0.0)* 0.0 (0.76) 0.06 (0.0) 0.09(0.0)  0.02 (0.01)
2 0.04 (0.0) 0.0 (1.0) 0.06 (0.0) 0.07 (0.0)  0.02 (0.01)
3 0.03 (0.0) 0.02 (0.05)  0.06 (0.0) 0.07 (0.0)  0.02 (0.02)
4 0.02 (0.0) 0.02 (0.01)  0.08 (0.0) 0.08 (0.0)  0.03 (0.0)

5 0.01 (0.38)*  0.01(0.47)  0.06 (0.0) 0.08 (0.0)  0.03 (0.0)

6 0.01 (0.1D* -0.0(0.68)* 0.05(0.0+  0.07(0.0)  0.02(0.01)
7 0.01 (0.07)* 0.0 (0.96) 0.05 (0.0  0.08(0.0)  0.02 (0.01)
8 0.0 (0.85)*  -0.01 (0.33)* 0.04 (0.0  0.07(0.0)  0.02 (0.04)
9 0.02(0.01)  -0.01 (0.18)* 0.03(0.0)*  0.05(0.0)*  -0.0 (0.77)*
10 0.01 (0.48)* -0.02(0.02)* 0.04 (0.0)*  0.04 (0.0)*  -0.02 (0.0)*
11 0.02 (0.0) 0.02 (0.04)* 0.03 (0.0  0.02(0.03)* -0.03 (0.0)*
12 0.01 (0.)*  -0.01 (0.08)* -0.02 (0.01)* 0.02 (0.04)* -0.02 (0.0)*
13 0.01 (0.5)*  -0.0(0.66)* -0.05(0.0)* 0.03(0.0)*  -0.04 (0.0)*
14 _ ; 0.05 (0.0)% - -

Table 4: Layer-wise RSA values (Spearman correlations) for the sentence condition and visual network, with
p-values indicating the significance of the correlation (i.e., whether it is different from 0) in brackets. Note that
asterisks indicate whether each correlation is statistically significantly different from the correlation achieved by the
best layer (boldfaced value).
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Layer LLaVA IDEFICS2 Llama3 Mistral

1 -0.05 (0.0)*  -0.01 (0.39)* -0.05 (0.0)*  -0.01 (0.39)*
2 -0.02 (0.03)* 0.02 (0.01)*  -0.03 (0.0)*  0.02 (0.02)*
3 0.0 (0.71) -0.01 (0.23)* -0.02 (0.0)*  -0.01 (0.48)*
4 0.01 (0.5) -0.03 (0.0)* 0.0 (0.99) -0.05 (0.0)*
5 -0.0 (0.83) -0.03 (0.0)*  -0.0 (0.91) -0.04 (0.0)*
6 -0.03 (0.0)*  0.02 (0.05)* -0.02(0.03) 0.01 (0.45)*
7 -0.05 (0.0)*  -0.01 (0.29)* -0.04 (0.0)*  -0.02 (0.02)*
8 -0.05 (0.0)*  -0.03 (0.0)*  -0.04 (0.0)*  -0.02 (0.0)*
9 -0.07 (0.0)*  -0.06 (0.0)*  -0.06 (0.0)*  -0.04 (0.0)*
10 -0.07 (0.0)*  -0.07 (0.0)*  -0.07 (0.0)*  -0.05 (0.0)*
11 -0.08 (0.0)*  -0.06 (0.0)*  -0.08 (0.0)*  -0.05 (0.0)*
12 -0.07 (0.0)*  -0.05 (0.0)*  -0.08 (0.0)*  -0.05 (0.0)*
13 -0.08 (0.0)*  -0.05 (0.0)*  -0.09 (0.0)*  -0.05 (0.0)*
14 -0.09 (0.0)*  -0.06 (0.0)*  -0.09 (0.0)*  -0.06 (0.0)*
15 -0.09 (0.0)*  -0.04 (0.0)*  -0.09 (0.0)*  -0.04 (0.0)*
16 -0.06 (0.0)*  -0.04 (0.0)*  -0.04 (0.0)*  -0.04 (0.0)*
17 -0.05 (0.0)*  -0.02 (0.01)* -0.01 (0.16)  -0.02 (0.01)*
18 -0.07 (0.0)*  -0.04 (0.0)*  -0.02 (0.01)* -0.03 (0.0)*
19 -0.04 (0.0)*  -0.03 (0.0)* 0.0 (0.81) -0.03 (0.0)*
20 -0.04 (0.0)* 0.0 (0.69)* 0.01 (0.41) 0.02 (0.04)*
21 -0.05 (0.0)*  0.02 (0.0) 0.0 (0.54) 0.04 (0.0)

22 -0.04 (0.0)*  0.03 (0.0) -0.0 (0.63) 0.04 (0.0)

23 -0.02 (0.02)*  0.04 (0.0) 0.0 (0.6) 0.04 (0.0)

24 -0.02 (0.0)*  0.05 (0.0) -0.01 (0.18)  0.04 (0.0)

25 -0.02 (0.01)* 0.04 (0.0) -0.02 (0.02)  0.03 (0.0)

26 -0.02 (0.0)*  0.03 (0.0) -0.03 (0.0)*  0.02 (0.01)
27 -0.03 (0.0)*  0.03 (0.0) -0.03 (0.0)*  0.02 (0.03)*
28 -0.03 (0.0)*  0.02 (0.0) -0.03 (0.0)*  0.01 (0.18)*
29 -0.03 (0.0)*  0.01 (0.26)* -0.04 (0.0)*  -0.0 (0.81)*
30 -0.02 (0.0)*  -0.01 (0.33)* -0.03 (0.0)*  -0.01 (0.17)*
31 -0.03 (0.0)*  -0.02 (0.05)* -0.04 (0.0)*  -0.01 (0.36)*
32 -0.02 (0.04)* -0.02 (0.05)* -0.04 (0.0)*  -0.01 (0.11)*
33 0.01 (0.1) -0.01 (0.52)* 0.0 (0.57) -0.01 (0.52)*

Table 5: Layer-wise RSA values (Spearman correlations) for the sentence condition and LH language network, with
p-values indicating the significance of the correlation (i.e., whether it is different from 0) in brackets. Note that
asterisks indicate whether each correlation is statistically significantly different from the correlation achieved by the
best layer (boldfaced value).
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Layer LLaVA IDEFICS2 Llama3 Mistral

1 -0.01 (0.08)* 0.01 (0.27)*  -0.02 (0.05)* 0.01 (0.27)*
2 -0.02 (0.04)* -0.01 (0.2)*  -0.02 (0.01)* 0.0 (0.75)*
3 0.01 (0.07)*  0.02 (0.0)* -0.01 (0.47)* 0.02 (0.01)*
4 0.03 (0.0)* -0.01 (0.28)* 0.0 (0.95)* -0.02 (0.06)*
5 0.01 (0.11)*  -0.01 (0.08)* 0.0 (0.71)* -0.02 (0.0)*
6 0.01 (0.07)* 0.0 (0.93)* 0.02 (0.02) -0.0 (0.86)*
7 -0.0 (0.54)*  -0.0 (0.6)* -0.0 (0.78)*  -0.01 (0.32)*
8 -0.01 (0.08)* -0.02 (0.05)* -0.02 (0.04)* -0.01 (0.17)*
9 -0.02 (0.0)*  -0.03 (0.0)*  -0.03 (0.0)*  -0.01 (0.1)*
10 -0.03 (0.0)*  -0.05 (0.0)*  -0.04 (0.0)*  -0.03 (0.0)*
11 -0.03 (0.0)*  -0.05 (0.0)*  -0.05 (0.0)*  -0.03 (0.0)*
12 -0.03 (0.0)*  -0.03 (0.0)*  -0.05(0.0)*  -0.03 (0.0)*
13 -0.03 (0.0)*  -0.03 (0.0)*  -0.05 (0.0)*  -0.03 (0.0)*
14 -0.06 (0.0)*  -0.03 (0.0)*  -0.06 (0.0)*  -0.03 (0.0)*
15 -0.06 (0.0)*  -0.03 (0.0)*  -0.06 (0.0)*  -0.03 (0.0)*
16 -0.02 (0.0)* -0.04 (0.0)*  -0.01 (0.08)* -0.04 (0.0)*
17 -0.01 (0.15)* -0.02 (0.01)* -0.0 (0.81)*  -0.02 (0.0)*
18 -0.03 (0.0)*  -0.03 (0.0)*  -0.02 (0.05)* -0.02 (0.0)*
19 0.0 (0.54)* -0.03 (0.0)*  0.01 (0.29)*  -0.03 (0.0)*
20 0.03 (0.0)* 0.03 (0.0)* 0.02 (0.01) 0.03 (0.0)*
21 0.02 (0.01)*  0.04 (0.0)* 0.02 (0.0) 0.04 (0.0)*
22 0.03 (0.0) 0.06 (0.0) 0.03 (0.0) 0.06 (0.0)
23 0.05 (0.0) 0.08 (0.0) 0.04 (0.0) 0.07 (0.0)
24 0.06 (0.0) 0.09 (0.0) 0.04 (0.0) 0.07 (0.0)
25 0.06 (0.0) 0.09 (0.0) 0.03 (0.0) 0.07 (0.0)
26 0.05 (0.0) 0.09 (0.0) 0.02 (0.0) 0.07 (0.0)
27 0.05 (0.0) 0.09 (0.0) 0.02 (0.01) 0.07 (0.0)
28 0.05 (0.0) 0.08 (0.0) 0.02 (0.05)*  0.06 (0.0)
29 0.04 (0.0) 0.06 (0.0) 0.01 (0.15)*  0.05 (0.0)*
30 0.05 (0.0) 0.06 (0.0)* 0.01 (0.12)*  0.05 (0.0)
31 0.03 (0.0)* 0.05 (0.0)* -0.01 (0.36)* 0.05 (0.0)
32 0.02 (0.0)* 0.05 (0.0)* -0.02 (0.06)* 0.04 (0.0)*
33 0.01 (0.31)*  0.06 (0.0)* 0.0 (0.9)* 0.06 (0.0)

Table 6: Layer-wise RSA values (Spearman correlations) for the sentence condition and visual network, with
p-values indicating the significance of the correlation (i.e., whether it is different from 0) in brackets. Note that
asterisks indicate whether each correlation is statistically significantly different from the correlation achieved by the
best layer (boldfaced value).
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Layer LXMERT  VisualBERT BERT LLaVA IDEFICS2 Llama3 Mistral

1 0.23 (0.0)*  0.33 (0.0) 20.01 (0.11)*  0.04 (0.0)*  -0.05(0.00*  -0.11 (0.0)* -0.12 (0.0)*
2 0.23 (0.0)*  0.31(0.0) 0.11 (0.0) 0.05 (0.0  0.06 (0.0  -0.1(0.0)*  -0.1 (0.0)*
3 0.24 (0.0)*  0.32(0.0) 0.06 (0.0)*  -0.08(0.0)*  -0.0(0.56)*  -0.13(0.0)* -0.13 (0.0)*
4 0.23 (0.0)*  0.32(0.0) 0.07 (0.0  -0.0(0.83)*  -0.04(0.0)*  -0.11(0.0)* -0.1 (0.0)*
5 0.23 (0.0)*  0.32 (0.0) 0.01 (0.5  0.03 (0.0  -0.04(0.00*  -0.15(0.0)* -0.09 (0.0)*
6 0.26 (0.0)*  0.31 (0.0) -0.07(0.00*  0.07(0.0*  -0.03(0.0*  -0.13(0.0)* -0.05 (0.0)*
7 0.26 (0.0)* 0.3 (0.0)* 0.08 (0.0)*  0.1(0.0)* -0.06 (0.0)*  -0.13(0.0)*  -0.06 (0.0)*
8 0.28 (0.0)*  0.31 (0.0) 20.07 (0.0 0.09(0.0*  -0.04(0.00%  -0.13(0.0)% -0.04 (0.0)*
9 0.27 (0.0)*  031(0.0)*  -0.04 (0.0  0.08 (0.0  -0.06 (0.0)*  -0.13 (0.0)* -0.05 (0.0)*
10 0.27 (0.0)*  0.31(0.0)+  -0.03 (0.0  0.11(0.0)*  -0.01 (0.08)* -0.13 (0.0)* -0.05 (0.0)*
11 0.27 (0.0)*  0.32 (0.0) 20.02(0.01)*  0.09 (0.0  -0.01 (0.06)* -0.13 (0.0)% -0.07 (0.0)*
12 0.28 (0.0)*  0.33 (0.0) 0.02 (0.05)*  0.07 (0.0)*  -0.03(0.0)*  -0.13(0.0)* -0.08 (0.0)*
13 0.27 (0.0)*  0.33 (0.0) 0.01 (0.16)*  0.04 (0.0)*  -0.04 (0.0)*  -0.13(0.0)* -0.09 (0.0)*
14 0.33(0.0) - - 0.07 (0.0  -0.04 (0.00*  -0.13(0.0)* -0.1 (0.0)*
15 - - - 0.07 (0.0  -0.04(0.0)*  -0.13(0.0)* -0.1 (0.0)*
16 - - - 20.02 (0.03)*  -0.1 (0.0)* 20.13 (0.0)*  -0.14 (0.0)*
17 - - - 20.02(0.06)*  -0.08 (0.00*  -0.14 (0.0)*  -0.16 (0.0)*
18 - - - 0.02 (0.04)*  -0.14 (0.0)*  -0.14 (0.0)*  -0.19 (0.0)*
19 - - - 20.02 (0.01)*  -0.1 (0.0)* 2013 (0.0)*  -0.17 (0.0)*
20 . . - 20.03(0.00%  -0.06(0.00*  -0.12(0.0)* -0.15 (0.0)*
21 - - - -0.05(0.0)*  -0.01(0.08)* -0.11(0.0)* -0.16 (0.0)*
22 - - - 20.04 (0.0  0.04 (0.0  -0.09(0.0)* -0.15 (0.0)*
23 - . - 0.03 (0.0)*  0.120.0)*  -0.07(0.0)  -0.11 (0.0)*
24 - - - 0.06 (0.0)*  0.14 (0.0) -0.07(0.0)  -0.09 (0.0)*
25 - - - 0.09 (0.0)*  0.15 (0.0) 20.07(0.0)  -0.06 (0.0)*
26 - . - 0.1 (0.0)* 0.16 (0.0) 20.07(0.0)  -0.04 (0.0)*
27 - - - 0.09 (0.0)*  0.16 (0.0) 0.06 (0.0)  -0.02 (0.0)*
28 - - - 0.09 (0.0)*  0.15 (0.0) 20.07(0.0)  -0.01 (0.07)*
29 - . - 0.1 (0.0)* 0.14 (0.0)*  -0.06(0.0)  -0.01 (0.07)*
30 - - - 0.12(0.0)*  0.14 (0.0  -0.07(0.0)  -0.04 (0.0)*
31 - - - 0.18 (0.0) 0.14 (0.0) 20.07(0.0)  -0.04 (0.0)*
32 . . - 0.17 (0.0) 0.14 (0.0)*  -0.08 (0.0)*  -0.06 (0.0)*
33 - - - 0.1 (0.0)* 0.1 (0.0)* -0.05(0.0)  0.04 (0.0)

Table 7: Layer-wise RSA values (Spearman correlations) for the picture condition and LH language network, with
p-values indicating the significance of the correlation (i.e., whether it is different from 0) in brackets. Note that
asterisks indicate whether each correlation is statistically significantly different from the correlation achieved by the
best layer (boldfaced value).
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Figure 6: Initial VLM results from RSA analysis in the picture condition vs. results obtained when passing only
concept words (without images).
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Layer LXMERT  VisualBERT BERT LLaVA IDEFICS2 Llama3 Mistral
1 0.2 (0.0)*  0.48 (0.0) 20.01 (0.36)*  -0.02(0.02)* 0.01(0.08)*  -0.07 (0.00*  -0.04 (0.0)*
2 0.2(0.0)*  0.47(0.0) 0.08 (0.0) 0.04 (0.0 0.1 (0.0)* -0.03(0.0)*  -0.02 (0.0)*
3 0.21 (0.0)%  0.46(0.0)*  0.06 (0.0) 20.0(0.72)*  0.05(0.0*  -0.04(0.0)*  -0.09 (0.0)*
4 0.2 (0.0  0.46(0.00*  0.06 (0.0) 0.04 (0.0 0.05(0.00  -0.03(0.00*  -0.05(0.0)*
5 0.19 (0.0)*  0.45(0.0)*  0.02(0.02)*  0.06(0.00*  0.04(0.00*  -0.05(0.0)*  -0.04 (0.0)*
6 021 (0.0)% 043 (0.0  -0.03(0.0)*  0.08(0.0)*  0.05.0*  -0.05(0.0*  0.0(0.72)*

7 0.22(0.0)% 042 (0.0)%  -0.04(0.0)*  0.11(0.0)*  0.03(0.00*  -0.05(0.0)%  -0.02 (0.03)*
8 0.22 (0.0)* 043 (0.0  -0.02(0.0D* 0.11 (0.0  0.02(0.04)*  -0.05(0.0)*  0.01 (0.35)*
9 0.22(0.0)% 042 (0.0  0.02(0.03)*  0.11(0.00*  0.01(0.07)%*  -0.05(0.0)%  -0.0 (0.62)*
10 0.22(0.0)% 041(0.00%  -0.0(0.9D)*  0.14(0.00*  0.03(0.00%  -0.05(0.0)*  -0.01 (0.46)*
11 0.25 (0.0)* 0.4 (0.0)* 20.01 (048)* 0.13(0.0)*  0.03(0.00*  -0.05(0.00*  -0.02 (0.01)*
12 027(0.0)  039(0.0)*  0.02(0.00*  0.12(0.00%*  0.02(0.01)%  -0.05(0.0)%  -0.02 (0.0)*
13 027(0.0) 036(0.0)*+  0.03(0.00*  0.08(0.0)*  003(0.0%  -0.05(0.0)*  -0.03 (0.0)*
14 0.29 (0.0) - - 0.1 (0.0)* 0.03 (0.0  -0.05(0.0)*  -0.04 (0.0)*
15 - - - 0.08 (0.0 0.02(0.0)  -0.05(0.00*  -0.04 (0.0)*
16 - - - 0.04 (0.0 -0.01(0.43)* -0.05(0.0)*  -0.06 (0.0)*
17 - - - 0.05 (0.0  0.0(0.84)*  -0.05(0.0)*  -0.06 (0.0)*
18 - - - 0.04 (0.0  -0.03(0.0)*  -0.05(0.00*  -0.09 (0.0)*
19 - - - 0.05 (0.0  -0.01(0.12)* -0.04 (0.0)*  -0.08 (0.0)*
20 - - - 0.02(0.0D)*  0.0(0.96)*  -0.05(0.0)*  -0.08 (0.0)*
21 - - - 0.02 (0.0)*  0.07(0.0)*  -0.05(0.00*  -0.05(0.0)*
22 - - - 0.04 (0.0  0.08 (0.0)*  -0.02(0.01)* -0.08 (0.0)*
23 - - - 0.07 (0.0 0.11 (0.0) 0.0 (0.6)* -0.06 (0.0)*
24 - - - 0.09 (0.0 0.12(0.0) 0.0 (0.98)%  -0.05 (0.0)*
25 - - - 0.1 (0.0)* 0.13 (0.0) 0.0 (0.63)*  -0.03 (0.0)*
26 - - - 0.1 (0.0)* 0.13 (0.0) 0.0 (0.57)*  -0.02 (0.03)*
27 - - - 0.11 (0.0  0.13(0.0) 0.01 (0.29)*  -0.0 (0.67)*
28 - - - 0.11 (0.0 0.11(0.0) 0.01 (0.41)*  0.01 (0.4)*
29 - - - 0.12 (0.0 0.1 (0.0)* 0.01 (0.41)*  0.01 (0.19)*
30 - - - 0.13 (0.0)*  0.09 (0.00¥ 0.0 (0.59* 0.0 (0.97)*
31 - - - 0.17 (0.0) 0.11 (0.0  0.0(0.7D*  -0.01 (0.4)*
32 - - - 0.17 (0.0) 0.1 (0.0)* 0.0 (0.67)*%  -0.02 (0.05)*
33 - - - 0.17 (0.0) 0.08 (0.0)*  0.08 (0.0) 0.05 (0.0)

Table 8: Layer-wise RSA values (Spearman correlations) for the picture condition and visual network, with p-values
indicating the significance of the correlation (i.e., whether it is different from 0) in brackets. Note that asterisks
indicate whether each correlation is statistically significantly different from the correlation achieved by the best
layer (boldfaced value).
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