
What Makes Linguistic Representations Good

Models of High-Level Visual Perception in the

Human Brain?

Anna Bavaresco1*, Ina Klarić1, Raquel Fernández1,2†,
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Abstract

Image descriptions represented with language models (LMs) predict human brain
responses to naturalistic images in high-level visual regions, but the factors driv-
ing this predictivity remain unclear. To investigate this, we systematically studied
how images are described and which language models are used to embed those
descriptions. For a common set of images, we considered six caption types—
including human-annotated and multiple machine-generated captions—differing
along several dimensions. Each caption was represented with five LMs, span-
ning autoregressive LMs trained to predict upcoming words and text embedders,
i.e., LMs fine-tuned on semantic tasks requiring sentence/document-level repre-
sentations. Machine-generated captions yielded significant brain predictivity and
alignment, often surpassing human-annotated captions used in previous work.
Across caption types, text embedders consistently outperformed autoregressive
LMs, a pattern replicated when measuring behavioural alignment with image-
similarity judgments. Analyses of caption representations from different model
layers further revealed that both brain predictivity and behavioural alignment
peak at intermediate network depth, shortly after a point thought to mark the
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emergence of syntactic and semantic structure. Altogether, our results demon-
strate that both the content of image captions and the LM used to represent
them influence brain- and behaviour-modelling performance, establishing caption
embeddings as a useful tool for studying high-level visual perception.

Keywords: Visual Perception, Neural Modelling, Cognitive Modelling, Brain
Predictivity, Language Models

1 Introduction

Recent artificial intelligence (AI) models excel at a variety of tasks, while also providing
new tools for cognitive (neuro)scientists to study the complex dynamics of the human
brain and behaviour [1–5]. In the visual perception domain, numerous studies have
uncovered correspondences and differences between brain activations from visual areas
and image features extracted from different computer-vision architectures [6–8].

Early works revealed converging hierarchical processing in convolutional neural
networks (CNNs) and the human visual system, showing that both extract low-level
visual features (such as oriented bars and spatial frequencies) early and higher-level
semantic properties later [7, 9, 10]. Studies adopting a behavioural perspective addi-
tionally found that image representations from late CNN layers align with similarity
[11, 12], typicality [13], memorability [14], and shape [15] judgments, although humans
rely on shape to a much larger extent than CNNs [16, 17].

More recent research comparing CNNs against transformer-based architectures
[18] and assessing the impact of various training regimes found that, despite known
differences between representations learnt by CNNs and vision transformers [19], they
exhibit similar brain predictivity, and that the training diet matters more than the
learning objective [20]. Moreover, there is preliminary evidence that transformers also
exhibit brain-like hierarchical processing of visual stimuli [21].

An initial explanation for the brain predictivity of artificial neural networks was
that systems (computer-vision models and the human brain) optimised to solve a sim-
ilar problem (e.g., identifying objects) are likely to learn similar image representations
[7, 9, 22]. This idea, already undermined by subsequent studies [20, 23], has been fur-
ther challenged by the recent finding that, in high-level visual areas, representations of
image descriptions (captions) extracted from large language models (LLMs) trained
solely on text predict brain responses to images as accurately as features extracted
from vision models [24–26]. It is well-known that high-level visual areas selectively
respond to semantically-coherent categories of visual stimuli, such as faces [27–29],
hands [30], body parts [31, 32], places [33, 34], and written words [35, 36]. However,
even admitting that LLM-derived caption representations are well-suited to capture
semantic properties, their predictivity remains striking, as they lack information about
strictly-visual image features.

Despite attempts to determine whether the brain predictivity of image captions is
driven by the semantics of the words they contain or the way in which these words
are assembled within a sentence [25, 26], our understanding of the factors responsible
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for the brain predictivity of image captions remains preliminary. Moreover, all current
results were obtained using captions from the MS COCO dataset [37] to predict fMRI
activations from the Natural Scenes Dataset (NSD, [38]). This choice has practical
advantages, as the NSD brain responses were elicited by images from MS COCO; at
the same time, the quality of the captions provided in MS COCO may be suboptimal,
as they are relatively short (∼ 11 words) and provided by crowdworkers.

To broaden our understanding of the brain-modelling potential exhibited by cap-
tion representations, we assessed their brain predictivity and alignment by analysing
existing fMRI responses in high-level visual areas, systematically studying the effect of
two factors: the type of caption, and the language model (LM) used to derive caption
representations. We obtained multiple captions for each image, varying in length and
amount of detail, by generating them with vision-language models (VLMs); we next
extracted caption representations using five different LMs trained solely on text. Our
results show that machine-generated captions significantly predict brain activations,
often outperforming the human-annotated captions used in previous works. Moreover,
the LM used to represent captions can significantly impact their brain predictivity
and alignment, with recent text embedders outperforming autoregressive LMs. This
pattern also holds when measuring caption representations’ alignment with human
image-similarity judgments and, remarkably, caption representations align with those
judgments better than image features computed with vision-only models.

2 Results

We investigated the brain predictivity of caption embeddings by analysing the natural
scenes dataset (NSD, [38]), which provides a large-scale collection of fMRI responses.
These were recorded from participants (n = 8) viewing naturalistic scene images from
the MS COCO dataset [37] while performing a memory task. Crucially, no image
descriptions were presented to participants at any point in the experiment.

To ensure the generalisability of our findings across brains, we focused on the
subset of 906 images viewed at least once by all participants. We considered three
functionally-localised regions of interest (ROIs): face-, body-, and place-selective; these
are high-level visual areas where previous studies documented significant predictivity
for caption embeddings [24, 26]. Specifically, we aimed to predict the voxel-wise neural
activations (beta coefficients) in these ROIs.

We assessed the brain predictivity achieved by the MS COCO captions used in
previous work, provided by human crowdworkers, and by five machine-generated cap-
tion sets. These were obtained by instructing five open-source vision-language models
(VLMs)—LLaVA OneVision [39], Phi-4 [40], Pixtral [41], Qwen2.5-VL [42], and Molmo
[43]—to provide factual descriptions of the images, as shown in Fig. 1a. The resulting
caption sets vary systematically, as each VLM exhibits its specific ‘writing style’ (see
Fig. 1b and 1c for a qualitative example).

To quantitatively measure these differences across caption types, we computed
the following metrics: length (average number of words), perplexity, visualness, and
lexical density. Perplexity (PPL) is a standard metric in natural language processing
(NLP), estimating how ‘surprising’ a text sequence is to a language model (in our
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Provide a brief
description of
this image.

Vision-language
model

A kitchen with
a large island,
wooden stools,
and a sink. 

Language
model

Caption
embedding

Generated
captionPrompt

(a)

(b)

LLaVA: A train is traveling down the tracks with a long line of cars behind it.
Phi-4: A train is traveling down the tracks in a rural area.
Pixtral: A train with multiple tanker cars travels through a rural landscape
with hilly terrain in the background. The sky is overcast, and power lines run
parallel to the train tracks.
Qwen2.5-VL: A freight train, painted in a distinctive yellow and black livery,
travels through a rural landscape under a cloudy sky. The train consists of a
locomotive pulling a series of cargo cars.
Molmo: A freight train with a black locomotive featuring a yellow front, pulling
multiple blue tanker cars along rusty tracks. The train is set against a
backdrop of green hills, trees, and a cloudy sky, with power lines visible
overhead.

COCO: A train coming down the tracks in the country.

(c)

Fig. 1: Overview of generated captions and their embedding. The upper
panel (a) shows a schematic of the pipeline used to create caption embeddings from
machine-generated captions. Each vision-language model was prompted to create a
brief description of the input images. The machine-generated captions were then
embedded with a language model. In the lower panels, an example image (b) along
with different captions (c), including one from MS COCO and five machine-generated.

case, Ministral3 [44]); it is commonly intended as a proxy for fluency (low perplexity
indicates high fluency). The visualness of a caption was computed by summing the
visualness ratings of its constituent words, taken from the Lancaster Sensorimotor
Norms [45]. Finally, lexical density was calculated as the percentage of content words
(nouns, adjectives, verbs, and adverbs) present in a caption. More details on how these
metrics were computed are provided in Methods. The average values of all metrics per
caption type are reported in Tab. 1.

An inspection of these metrics reveals several crucial differences among caption
types. First, even the least fluent machine-generated caption type (Phi-4, PPL =
49.64) is significantly more fluent (W = 26759, p ≪ 0.001) than the human-annotated
MS COCO captions (PPL = 134.14), as assessed with a Wilcoxon signed-rank test. In
addition, three out of the six caption types are relatively short (11 < #words < 13),
while the remaining three are substantially longer (28 < #words < 37). Caption
length positively correlates with visualness for all caption types (0.77 < r < 0.88, p ≪
0.001), confirming that longer captions provide additional visual information; they also
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Fig. 2: Evaluation methods used to assess the brain- and behaviour-
modelling properties of caption embeddings. In brain encoding, caption
embeddings are downsampled with PCA and subsequently used as dependent variables
in Ridge regression models trained to predict voxel-wise activations. In representa-
tional similarity analysis (RSA), representational dissimilarity matrices (RDMs) are
created by computing pairwise cosine distances between caption embeddings or neu-
ral activations. The alignment between representational spaces is then quantified by
computing a Spearman correlation (ρ) between the vectorised off-diagonal elements
of the RDMs. The same RSA procedure was used to quantify captions’ alignment to
behavioural measures—i.e., human (dis)similarity judgments—arranged in an RDM
where entries corresponded to the perceived dissimilarity between image pairs.

exhibit higher adjective density (12% < LDadj < 16%) than shorter captions (6% <
LDadj < 8%), suggesting that short captions simply mention entities, while long ones
also describe them. Overall, these metrics show that caption types systematically differ
in fluency and detail (reflected by length and differences in lexical densities), allowing
us to check whether these aspects matter for brain predictivity.

Besides evaluating the impact of caption types, we additionally asked whether brain
predictivity is influenced by the language model (LM) used to embed the captions. In
NLP, ‘embedding’ usually means transforming text into vector representations (embed-
dings). Depending on the model employed to compute the embeddings, the resulting
representations vary, and so may their brain predictivity. We therefore embedded each
caption with five different open-source, transformer-based LMs, all trained unimodally
(only on text, not on images). We did not use VLMs trained on text and visual input
(images or videos) to compute embeddings to avoid any ‘contamination’ with visual
information, as we aimed to assess the brain predictivity of linguistic representations.
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Caption type #words PPL Visualness LDnn LDadj LDvb LD

MS COCO 11 (2) 134 (130) 28 (7) 35 (9) 7 (8) 10 (7) 54 (10)
LLaVA 13 (3) 39 (23) 37 (8) 34 (8) 8 (8) 8 (5) 52 (7)
Phi-4 11 (2) 50 (32) 29 (6) 34 (7) 6 (7) 8 (6) 48 (7)
Pixtral 31 (5) 15 (6) 74 (12) 30 (5) 12 (6) 11 (4) 55 (6)
Qwen2.5-VL 28 (7) 19 (9) 70 (16) 33 (6) 12 (6) 11 (4) 58 (6)
Molmo 37 (8) 13 (5) 93 (18) 31 (5) 16 (5) 10 (3) 57 (5)

Table 1: Differences across caption types quantified with several met-
rics. The table reports average values across captions for each caption type, with
standard deviations in brackets. The metrics are: caption length, expressed as
number of words (#words); perplexity (PPL); visualness, expressed as the sum
of word-level visual ratings (ranging from 0 to 5, with 0 indicating ‘not expe-
rienced at all with vision’); lexical density (LD), expressed as the percentage
of content words (nouns, adjectives, verbs, adverbs). More specific density mea-
sures were additionally computed for nouns (LDnn), adjectives (LDadj), and
verbs (LDvb).

The LMs used to compute embeddings were: an early transformer trained with
masked language modelling (BERT, [46]); two autoregressive LMs (GPT-2 [47] and
Llama3.1 [48]) trained to predict upcoming tokens (chunks of text); and two recent
text embedders extensively fine-tuned in a self-supervised fashion on datasets spanning
semantics tasks, such as retrieval, classification, and semantic text similarity (Qwen3
Embedding [49] and KaLM Embedding [50]). These models cover architectures widely
studied by both the NeuroAI and the NLP community (BERT and GPT-2), as well
as more recent ones. Each LM was used to compute embeddings for all caption types;
we analysed embeddings extracted from all model layers, as the last one is rarely the
most brain-predictive [51, 52].

We additionally measured the brain predictivity achieved by image features com-
puted with vision models, as they provide an informative reference. These features
were obtained by feeding two widely-known computer-vision architectures, ResNet-50
[53] and ViT [54], with the 906 images. Each model was considered in three variants
differing in training regime: vision-only self-supervision (DINO [55] or DINOv2 [56]
frameworks), minimal language supervision (image labels from ImageNet [57]), and
full language supervision (image captions, as per CLIP framework [58]).

2.1 Machine-generated captions significantly predict neural
activity in high-level visual areas

We assessed the brain predictivity of caption embeddings obtained from different LMs
with voxel-wise encoding models [59, 60]. This approach consists in training regu-
larised linear regressions to independently predict voxel-wise activations from caption
embeddings or image features, as schematised in Fig. 2. The accuracy of the encoding
models was evaluated as the Pearson correlation between the predicted and observed
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Fig. 3: Brain encoding results. Brain encoding performance achieved by caption
embeddings (left-hand panels) and image features (right-hand panels) in high-level
visual ROIs, measured as Pearson’s correlations (r) between predicted and observed
neural activations, computed on held-out test sets resulting from a 5-fold cross-
validation framework. Results are averaged across the voxels belonging to each ROI
(face-, body-, and place-selective); for each voxel, we considered the correlation yielded
by the most predictive model layer. Note the scale of the y axis, starting from 0.2. Addi-
tionally, the average was computed only on voxels where predictions were statistically
significant, as assessed with permutation tests (1000 permutations, FDR-corrected p-
values). Error bars indicate the standard deviation across participants.

neural activations, computed on a test set. A high correlation suggests that the fea-
tures making up caption embeddings may be similar to those employed by the brain
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Fig. 4: Brain encoding performance in high-level visual cortices. Brain
flatmaps showing the accuracy of encoding models for the voxels from place-, face-, and
body-selective areas that could be predicted significantly, as assessed with permutation
tests (1000 permutations, FDR-corrected p-values). The top panel shows the results
obtained by training the encoding models from Pixtral-generated captions embedded
with KaLM Embedding. The lower panel shows the encoding accuracy obtained with
image features extracted from a ResNet-50 model trained with the CLIP framework.
Both flatmaps show the accuracy for participant 5, whose fMRI recordings were the
least noisy. Vertices are mapped to the ‘fsaverage’ space for visualisation purposes
only; results were originally computed in the participant’s native space. Predictivity
patterns obtained from caption embeddings and visual features are strikingly similar.

to represent images in the target ROIs. As we assessed with permutation tests, predic-
tions were statistically significant for at least 90% of the voxels in all cases, confirming
that both caption embeddings and image features capture brain-relevant properties
in high-level visual areas. Correlations were not normalised by the amount of explain-
able variance, as doing so may conflate data quality and observed effect size [61], but
we documented systematically higher encoding performance in voxels with greater
explainable variance (see Supp. Figs. 2–6).1

1All Supplementary Materials are provided in our public GitHub repository: https://github.com/
dmg-illc/linguistic-representations-visual-perception
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As shown in Fig. 3, the best-performing caption embeddings are only marginally
less brain predictive than image features in all ROIs. Moreover, the most predictive
caption embeddings and image features exhibit similar predictivity patterns across
high-level visual regions (see Fig. 4). This confirms that caption embeddings can sig-
nificantly predict neural activations in high-level visual areas even if they do not
represent any strictly-visual property.

We next analysed brain-predictivity differences among caption types and LMs
using linear mixed-effects models. We fit an independent model in each ROI, with par-
ticipant as a random effect, and caption type and LM as fixed effects; the dependent
variable was the Pearson correlation between observed and predicted neural activa-
tions. MS COCO captions embedded with Qwen3 were set as the reference condition
(Bodies: β = 0.34, SE = 0.02, t = 16.10; Faces: β = 0.29, SE = 0.13, t = 20.67;
Places: β = 0.32, SE = 0.02, t = 13.25). Coefficients obtained in this condition high-
lighted cross-ROI variations in average predictivity. However, these differences are
likely attributable to varying amounts of noise (see Supp. Fig. 1); that is, predictivity
was higher simply because noise was lower.

Considering caption types, the MS COCO ones proved to be the least predictive,
while those generated by Qwen2.5-VL exhibited the highest predictivity in body-
selective areas (β = 0.37, SE = 0.00, t = 25.54), those generated by Pixtral in
face-selective areas (β = 0.31, SE = 0.00, t = 23.61), and those generated by Molmo in
place-selective areas (β = 0.36, SE = 0.00, t = 28.10). This finding has two important
implications. First, it shows that machine-generated captions can significantly predict
neural activations. Second, it confirms that the previously highlighted limitations of
MS COCO captions are substantiated.

Indeed, we observed the highest brain predictivity for caption types (Qwen2.5-VL-,
Pixtral-, and Molmo-generated) containing significantly more visual information than
the MS COCO ones, as suggested by the visualness and lexical density metrics we
computed (see Tab. 1). Interestingly, even captions by Phi-4, which are quite short and
almost as visual as the MS COCO ones, marginally outperformed them; this indicates
that higher caption fluency quantified as LLM perplexity—that did differ substantially
between Phi-4 (PPL = 49.64.14) and MS COCO captions (PPL = 134.14, W =
26759, p ≪ 0.001)—is associated with increased brain predictivity.

Regarding the LMs used to derive the caption embeddings, analyses with mixed-
effects models suggest that Qwen3 and KaLM Embedding have an advantage; indeed,
only captions embedded by KaLM outperformed the reference level Qwen3 across all
ROIs (Bodies: β = 0.34, SE = 0.00, t = 3.48; Faces: β = 0.29, SE = 0.00, t = 3.36;
Places: β = 0.32, SE = 0.0, t = 3.91). This means that recent text embedders
(Qwen3 and KaLM Embedding) are not only superior to earlier LMs (BERT) and
autoregressive (L)LMs (GPT-2 and the more recent Llama3.1) on text-embedding
benchmarks, but also yield text representations that better capture brain-relevant
information. More broadly, our results indicate that the LM used to represent the
captions does play a crucial role in enhancing their brain-relevant properties.
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Fig. 5: Brain alignment achieved by caption embeddings. Results of represen-
tational similarity analysis computed between caption embeddings (left-hand panels)
or image features (right-hand panels) and neural activations. Spearman correlations
(ρ) indicate the strength of the alignment between the two representational spaces,
averaged across participants; error bars indicate the standard deviation across partic-
ipants. Correlations are displayed only for the most aligned model layer, which was
selected participant-wise. Alignment is displayed separately for each brain ROI: in the
upper panel for face-selective regions, in the mid panel for body regions, and in the
lower panel for place-selective areas. To facilitate comparisons across ROIs, all results
have been normalised by the noise ceilings. All correlations are statistically signif-
icant in Faces and Bodies, as assessed with permutation tests (1000 permutations,
p < 0.001). In Places, asterisks indicate statistically significant correlations across all
participants.
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2.2 Caption representational spaces are brain-aligned, with
differences across ROIs

We next computed brain alignment, which measures correspondences between brain
activations and caption embeddings, providing information complementary to brain
encoding. While brain encoding assesses predictivity at the feature level, align-
ment measures correspondences at the level of representational spaces—it quantifies
the extent to which images yielding similar neural activations are also similar
in the caption-embedding space. We computed brain alignment using a standard
methodology: Representational Similarity Analysis (RSA, [62]), illustrated in Fig. 2.

Results from RSA revealed that all caption embeddings and image features yield
statistically significant alignment (p < 0.001) in face- and body-selective ROIs.
In place-selective regions, we observed some non-statistically-significant correlations;
however, this never happened for more than three participants. Correlations remained
substantially lower than the noise ceilings in all ROIs, especially in the place-selective
ROI, indicating that caption embeddings and image features account for less than half
of the explainable variance in the similarity patterns of fMRI activations.

As shown in Fig. 5, the most aligned caption embeddings approximate similarity
patterns of brain activations as accurately as image features from vision models. This
means that, while the features captured by caption embeddings are slightly less brain
predictive than image features (see Fig. 3), the representational geometry they define is
comparably brain-aligned, likely due to similar co-occurrence patterns between images
and their linguistic descriptions.

As for brain encoding, we analysed alignment differences across caption embed-
dings with linear mixed-effects models, fit separately for each ROI. The variables and
reference conditions considered were the same as above, with the only difference that
we included an interaction term between caption type and LM, as this helped explain
additional variance. The estimated intercepts in the reference condition—MS COCO
captions embedded with Qwen3—were β = 0.20 (SE = 0.00; t = 7.78) in body-
selective areas, β = 0.12 (SE = 0.02; t = 7.00) in face-selective areas, and β = 0.14
(SE = 0.01; t = 14.00) in place-selective areas. In this case, differences among ROIs
cannot be attributed to differing amounts of noise in the fMRI recordings. Indeed, as
visible in Fig. 5, where correlations are normalised by the noise ceilings, caption embed-
dings explain significantly more variance in body and face areas than in place-selective
ones.

In the body-selective ROI, MS COCO captions embedded with Qwen3 were signif-
icantly outperformed (p ≪ 0.001) by all machine-generated caption types embedded
with the same model, with Molmo-generated captions resulting in the highest coef-
ficient estimates (β = 0.24, SE = 0.12). Moreover, embedding MS COCO captions
with LMs different from Qwen3 resulted in significantly lower alignment (p ≪ 0.001),
suggesting that this LM produces the most brain-aligned embeddings. Trends in the
face-selective ROI were similar: MS COCO captions were maximally aligned when
embedded with Qwen3, but significantly less aligned than the other caption types
embedded with the same LM. Captions generated by Molmo were, again, associ-
ated with the highest coefficient estimates when embedded with Qwen3 (β = 0.17,
SE = 0.01). In the place-selective ROI, mixed-effects models highlighted different
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patterns. All machine-generated captions except the Phi-4-generated ones were signif-
icantly less (p < 0.001) brain-aligned than MS COCO captions. However, this seemed
to happen only when computing embeddings with Qwen3 Embedding; when using
other LMs, estimates associated with the MS COCO captions were among the lowest.

Altogether, these results show that, similarly to what was observed for brain encod-
ing, the LM used to embed captions yields more consistent brain-alignment gains
than the caption type. More specifically, one of the text embedders (Qwen3 or KaLM
Embedding) produces the most aligned embeddings in each ROI. Regarding caption
types, we observed several significant LM × caption type interactions in all ROIs,
suggesting that the average length or descriptiveness of captions is not sufficient to
determine how brain-aligned they will be.
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Fig. 6: Brain encoding performance and intrinsic dimensionality. On the left
y-axis, line charts show the average brain encoding performance at each layer, com-
puted across all voxels from place-, face, and body-selective ROIs. On the right y-axis,
intrinsic dimensionality as estimated with the GRIDE method, providing an indica-
tion of how compressed information is at each model layer. The original dimensionality
of Qwen3 embeddings was 4096, while that of KaLM embeddings was 3840. Light-red
shading highlights the point where encoding accuracy peaks.

2.3 Brain encoding peaks after a phase of high intrinsic
dimensionality

To better understand what type of information is responsible for the brain predictivity
and alignment of caption embeddings, we examined how these metrics vary throughout
LM layers, and how they relate to information compression. While learning represen-
tations, LMs compress information by projecting the input text into manifolds having
a ‘true’ (intrinsic) dimensionality much lower than the actual embedding dimension-
ality [63, 64], which is constrained by the architecture and fixed across layers. Previous
studies on information compression in LMs have shown that peaks in intrinsic dimen-
sionality signal the onset of abstract linguistic information about semantics and syntax
[64–66].
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Fig. 7: Intrinsic dimensionality and brain alignment. Layer-wise brain align-
ment exhibited by Qwen3 Embedding (left-hand panel) and KaLM Embedding
(right-hand panel) in the three ROIs (place-, face-, and body-selective), expressed as
Spearman correlations (ρ) normalised by the noise ceilings. Intrinsic dimensionality
estimated with the GRIDE method is displayed in blue in both panels.

Motivated by these findings, we estimated intrinsic dimensionality using the Gen-
eralised Ratios Intrinsic Dimension Estimator (GRIDE, [67]), a recent non-linear
approach (see Methods for additional details). This method was applied to embed-
dings by Qwen3 and KaLM, which consistently yielded the highest brain predictivity
and alignment; results for the remaining architectures are provided in Supp. Fig. 9. In
Fig. 6, we visualise intrinsic dimensionality along with brain encoding performance at
each model layer. Brain predictivity was averaged across voxels from all ROIs, as we
did not observe substantial differences between them (but see Supp. Fig. 8 for individ-
ual ROIs). This analysis shows that brain predictivity peaks immediately after the last
high-dimensional phase in both Qwen3 and KaLM Embedding. Given that this phase
is thought to signal the emergence of abstract linguistic information [66], our findings
suggest that meaningfully representing the semantic and syntactic properties of image
captions is beneficial for modelling neural activations in high-level visual cortices.

2.4 Alignment to body-/face-selective regions and
place-selective ones is dissociated within model layers

The same layer-wise analysis was conducted for brain alignment; in this case, we report
the layer-wise progression separately for each ROI (Fig. 7), as we did observe meanin-
fgul differences. Indeed, trajectories of brain alignment through layers show a ‘double
dissociation’ between face-/body-selective ROIs and the place-selective region. Align-
ment with face-/body-selective ROIs increases through the mid layers and diminishes
in the latest; conversely, alignment in the place-selective ROI remains low in the early-
to-mid layers and increases dramatically in the latest. This pattern can be observed
in both Qwen3 and KaLM Embedding. Intriguingly, this suggests that similarity pat-
terns in face-/body-selective ROIs and in place-selective regions rely on diverging
information.

Relating these observations to intrinsic dimensionality, Fig. 7 shows that align-
ment peaks immediately after the last high-dimensional phase in body-/face- selective
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regions. As for the place-selective ROI, the highest alignment was observed towards
the last layers, significantly later than the high-dimensional phase. This could mean
that the linguistic information emerging after the high-dimensional phase is useful to
model similarity patterns in body-/face-selective ROIs, but not in the place-selective
one.

Finally, Figs. 6 and 7 afford a comparison between layer-wise patterns in brain
predictivity and brain alignment. In Qwen3 Embedding, predictivity peaks in the layer
interval 26–29, similarly to alignment with place-selective areas (peaking at layer 31),
but later than alignment with face- and body-selective ROIs (reaching its maximum
at layer 24). In KaLM Embedding, brain predictivity peaks in the layer interval 31–
35; this partially overlaps with the maximal alignment with face- and body-selective
ROIs (layers 24–34), while alignment to place-selective areas peaks later (layer 46).
Altogether, these observations indicate that the overlap between the layers where brain
predictivity and alignment reach their maximum is partial, and limited to specific
ROIs. This invites caution against assuming that the information relevant to directly
model neural activations and the information useful for modelling their similarity
patterns reside in the same model layers.

2.5 Caption embeddings by text embedders capture
human-perceived similarity better than image features

To gain a comprehensive understanding of the cognitive-modelling potential of caption
embeddings, we additionally measured their ability to approximate behavioural data,
in the form of image similarity judgments. Previous studies have found that similarity
judgments reflect additional semantic properties not represented in high-level visual
areas [11, 68], as they are likely informed by cognitive processes beyond perception.
For this reason, we expected caption embeddings to compare even more favourably to
image features when modelling behavioural responses vs. neural data.

To test this hypothesis, we analysed a set of image-similarity judgments included
in the NSD, but never studied by previous work. These were collected by asking the
same participants who were fMRI scanned to spatially arrange 100 images (a subset
of the 906 from the fMRI experiment) based on their similarity. We again used RSA
to measure the alignment between these human similarity judgments and the caption
embeddings/image features considered in the fMRI-data analyses described above (see
Fig. 2).

The behavioural alignment achieved by both kinds of representations is visualised
in Fig. 8. These results show that some of the caption embeddings—those obtained
by feeding KaLM and Qwen3 Embedding with Pixtral and Qwen2.5-VL-generated
captions—are more behaviour-aligned than all visual features. In addition, Pixtral-
generated captions embedded with Qwen3 approach the lower bound of the noise
ceilings. These observations indicate that the content of an image, as represented
by an embedded caption, can provide an accurate model of human-perceived image
similarity, to an even larger extent than image features.

To better understand what—whether the captions themselves or how they are
embedded—drives the behavioural alignment of caption embeddings, we again anal-
ysed our results with mixed-effects models. The settings and parameters were the same
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Fig. 8: Behavioural alignment achieved by caption embeddings. In the
top panels, results from representational similarity analysis measuring the alignment
(Spearman’s ρ) between human similarity judgments and caption embeddings (a) or
visual features (b). Results are averaged across participants, selecting the most aligned
model layer participant-wise. Error bars indicate the standard deviation across par-
ticipants. Dashed lines represent the upper and lower bounds of the noise ceilings.
Asterisks indicate that correlations were statistically significant (p < 0.001) for all par-
ticipants, as assessed with permutation tests (1000 permutations). In non-significant
cases, correlations were non-significant for at most 2 participants. In the lower panels,
the layer-wise behavioural alignment exhibited by Qwen 3 (c) and KaLM Embedding
(d) is plotted jointly with the intrinsic dimensionality at each layer, as estimated with
the GRIDE algorithm. Light-red shading highlights the point where behavioural align-
ment is the highest.

as those reported above for brain alignment. The reference condition was, again, MS
COCO captions embedded with Qwen3, and yielded a coefficient estimate of β = 0.21
(SE = 0.02, t = 11.22). Embedding the same MS COCO captions with BERT, GPT-
2 or Llama3.1 resulted in statistically significant (p < 0.001) estimate decreases, while
the difference was not significant for KaLM Embedding. Moreover, all other caption
types were associated with significantly higher (p < 0.05) coefficient estimates. This
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suggests that Qwen3 and KaLM Embedding yield the most behaviour-aligned cap-
tion representations, and that MS COCO captions tend to be less behaviour-aligned
than machine-generated captions. A few significant interactions indicate that, again,
some caption types are more aligned when embedded with specific LMs. For example,
the interaction was positive and significant for Phi-4-generated and Molmo-generated
captions embedded with GPT-2 (respectively, β = 0.28, SE = 0.02, t = 3.77, and
β = 0.28, SE = 0.02, t = 3.35).

We next checked how layer-wise behavioural alignment relates to intrinsic dimen-
sionality, focusing on the most aligned architectures: Qwen3 and KaLM Embedding.
As shown in Fig. 8, alignment with similarity judgments peaks after the (last) high-
dimensional phase, thought to cue the emergence of abstract linguistic information.
Intriguingly, maximal behavioural predictivity was observed in the same layers where
neural predictivity is at its highest. This suggests overlap between the information
useful to predict brain responses and that driving behavioural alignment.

3 Discussion

The present study extensively investigates image-caption embeddings as a means
to model high-level visual perception. We analysed neural activations by measur-
ing predictivity and alignment, allowing us to study both the feature space defined
by embedded captions and its representational geometry. Moreover, we provided the
first analysis of the NSD similarity judgments, finding that caption embeddings can
achieve higher behavioural alignment than image features extracted from visual mod-
els. We also found suggestive evidence that machine-generated image captions yield
significant brain predictivity and behavioural alignment, sometimes surpassing the
human-annotated captions used in previous work. Below, we discuss each of our
findings in detail.

Brain encoding revealed that image descriptions embedded with language mod-
els significantly predict neural activations in place-, body-, and face-selective visual
areas, in most cases only marginally worse than image features by vision models. This
aligns with previous studies, which also documented near-image-feature predictivity
for embeddings of MS COCO captions in high-level visual areas [24–26]. Altogether,
these results fit with the widely-accepted notion that high-level visual areas are selec-
tive for specific semantic categories [69–71]. In this sense, it stands to reason that
caption embeddings—presumably providing accurate semantic representations of an
image—significantly predict their neural activations.

Extending previous work, we investigated whether brain predictivity is sensitive
to the captions themselves or to the language models used to embed them. Regard-
ing the first factor, a recurrent finding was that the human-annotated captions from
the MS COCO dataset—the only ones analysed in previous work—tend to be less
brain-predictive and brain-aligned than the other, machine-generated caption types.
However, one important methodological difference between our study and previous
work is that we randomly sampled one MS COCO caption per image, while existing
studies averaged the embeddings of the five captions available in MS COCO for each
image. Upon re-computing brain predictivity on averaged embeddings (see Supp. Fig.
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7), we observed increased predictivity, comparable to that achieved by non-averaged
machine-generated captions. This suggests that a single, ‘good’ image description is
sufficient to predict neural activations as effectively as less ‘good’ descriptions do only
when averaged across multiple instances.

What makes a caption ‘good’ or ‘bad’ from a neural and cognitive modelling
perspective, then? Previous work highlighted brevity and lack of detail as potential
limitations with respect to brain predictivity [26]. While we did observe higher brain
predictivity and behavioural alignment for longer caption types, this trend did not
hold as consistently when measuring brain alignment. We therefore hypothesise that
an additional limitation of MS COCO captions concerns their fluency, which was
substantially lower than that of the machine-generated captions.

Documenting higher fluency for machine-generated captions may appear surpris-
ing, or even inflated by the use of perplexity as a measure for fluency—language models
are known to generate more predictable text than humans [72]. However, human anno-
tators, unlike machines, are subject to cognitive constraints, causing their accuracy to
decrease over time due, e.g., to fatigue [73] or low motivation [74]. The consequences
of these constraints become even more prominent when collecting annotations outside
a lab through an online platform, as was the case for MS COCO captions. In light
of these considerations, MS COCO captions can be regarded as noisy annotations,
explaining why averaging over multiple instances is necessary to achieve brain predic-
tivity comparable to machine-generated captions. On the other hand, hallucinations
(mentions of entities that are not really present in an image) could be a source of
noise for machine-generated captions [75, 76]. While they did not seem to be severe in
our setting, more research is needed to systematically evaluate their impact on brain
predictivity and alignment.

Concerning the language models used to embed the captions, our experiments
revealed systematic trends. By testing an early model pretrained with masked language
modelling, two autoregressive models pretrained with next-word prediction, and two
text embedders extensively fine-tuned on semantic tasks, we established that the latter
exhibit the highest modelling performance across evaluation methods (RSA vs. brain
encoding) and data modalities (neural activations vs. behavioural judgments). Due
to their extensive training on supervised semantic tasks, recent text embedders are
better suited than autoregressive LLMs to represent textual meaning, as assessed
with text-embedding benchmarks commonly used by NLP practitioners [e.g., 77, 78].
Remarkably, we found that this superiority also holds in a rather different domain: neu-
ral and cognitive modelling of visual perception. This suggests that well-representing
the meaning of a caption matters for brain and behavioural alignment, echoing previ-
ous findings showing that LLMs’ brain predictivity in high-level visual areas is mainly
driven by the semantics of the words appearing within captions [25, 26].

We additionally analysed the evolution of brain predictivity and alignment
throughout LM layers. We found that both peak in mid-late layers (although not at the
exact same point), as opposed to the very early or late ones. Interestingly, this aligns
with well-documented findings from previous works where LM embeddings were used
to model brain responses to linguistic stimuli [51, 52, 79, 80]. We then related layer-
wise predictivity patterns to information compression, studied layer-wise by computing
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intrinsic dimensionality. This analysis showed that both brain predictivity and align-
ment with similarity judgments tend to peak immediately after a high-dimensional
phase, thought to subsume abstract linguistic processing [64, 66]. Intriguingly, our
findings align with preliminary evidence in the language domain, suggesting that the
brain-encoding properties of language and speech models are attributable to mean-
ing abstraction, signalled by a peak in intrinsic dimensionality [81], as opposed to
next-word prediction as previously argued [51, 82, 83].

An interesting finding emerged when studying brain alignment throughout layers
was that the information relevant for modelling similarity patterns in face-/body-
selective ROIs appears to be dissociated from that relevant for the place-selective ROI.
Indeed, the layers where alignment to face-/body-selective areas was maximal exhib-
ited extremely low alignment to the place-selective ROI, and vice versa. A related
effect was observed in previous work, finding representational patterns to differ sig-
nificantly between the fusiform face area (FFA) and the occipital place area (OPA)
[68]; the same study also reported that image representations extracted from deep
neural networks (DNNs) exhibited significant alignment with the FFA at layer depths
where the correlation with the OPA was negative. As for the similarities we observed
between alignment patterns in face- and body-selective areas, they echo preliminary
evidence suggesting that these two regions may be performing shared computations,
as demonstrated by the fact that DNN units sensitive to both faces and bodies pre-
dict fMRI activations in place- and body-selective ROIs better than units sensitive to
solely faces or bodies [84].

One last notable finding from our study concerns the NSD similarity judgments,
which, to the best of our knowledge, we analysed for the first time. When comput-
ing behavioural alignment, caption embeddings sometimes yielded higher correlations
than image features. This result aligns with findings from one previous study, which
also documented comparable behavioural alignment for embedded image captions and
visual features [85]. More broadly, these observations fit with the idea that perception
and language are deeply related and mutually influence each other [86, 87], although
their complex interplay is still far from being fully understood [88].

Altogether, our study shows that image captions are an effective means to model
not only neural activations in high-level visual areas but also perceived similarities
between images. In addition, our findings indicate that, while differences between
caption types may be sensitive to the evaluation protocol (encoding vs. alignment),
brain ROIs, and data modalities (fMRI vs. behavioural), embedding them with a model
that effectively represents the sentence-level meaning results in consistent neural and
cognitive modelling gains. We hope our contribution inspires future computational
work on modelling visual perception, as well as efforts to better understand its relations
with linguistic knowledge.

4 Methods

Stimuli

The 906 images shown to participants in the fMRI experiment were selected from the
MS COCO dataset [37] and are publicly available with different types of annotations,
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including captions written by crowdworkers. For the fMRI experiment, images were
preprocessed by applying some transformations (e.g., cropping and downsampling; see
[38] for additional details). We employed the same preprocessing before feeding the
images to vision models and vision-language models.

fMRI responses

The fMRI responses we analysed are from the Natural Scenes Dataset (NSD, [38]), a
large collection of high-resolution (7T) brain recordings. We consider a subset of the
brain responses, i.e., those elicited by the ‘Special 1000’ set, viewed at least once by all
eight participants. Subjects took part in multiple scanning sessions and were instructed
to perform a continuous recognition task where they had to determine whether they
saw each image at any previous point in the experiment. The experimental design
consisted in presenting each image three times throughout all sessions. Unfortunately,
not all participants were able to complete all the scanning sessions, resulting in a final
set of 906 images viewed at least once by all participants.

We used the fMRI recordings as preprocessed by the dataset curators. More specif-
ically, we focused on the voxel-wise beta estimates of the fMRI response amplitude
computed with a three-component GLM approach (‘betas fithrf GLMdenoise RR’
coefficients) in the subjects’ native surface. These beta coefficients are the neural acti-
vations we aimed to predict. The regions of interest we focused on are Places, Bodies,
and Faces. These were functionally localised with dedicated tasks, completed by all
participants before the main experiment. We refer the reader to the original paper for
further details on data collection, preprocessing, and localisation of ROIs.

Behavioural similarity judgments

The curators of the NSD collected image similarity annotations from the same subjects
who took part in the fMRI experiments for 100 images selected from the Special 1000
set. These annotations were collected through a multiple-arrangements task [89] where
participants were asked to drag and drop images on a circular arena based on their
similarity.

Image captions

We analysed six different caption sets, including those from MS COCO and five sets of
machine-generated captions. Given that five different MS COCO captions are available
for each image, we randomly sampled one. As for the machine-generated captions, we
obtained them from five recent vision-language models: Molmo [43], LLaVA OneVision
[39], Qwen2.5-VL [42], Phi-4 [40], and Pixtral Large [41]. All models were accessed
through the ‘HuggingFace Transformers’ Python library [90]; the specific model IDs
are included in our public GitHub repository. Models were prompted by asking for
short (max. two sentences) and factual image descriptions (see Supp. Tab. 1 for the
model-specific prompts). This length constraint was introduced to avoid overly verbose
descriptions providing non-relevant information. A manual inspection of the captions
revealed that they are mostly correct (i.e., describing content present in the image),
containing only minor mistakes (e.g., mentioning the wrong number of objects) or
hallucinations.
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Caption metrics

The metrics we computed to characterise the differences between caption types include
perplexity, visualness, and some variants of lexical density. Given a sequence made up
of N words w1, w2, ..., wN the perplexity of that sequence is formally defined as:

exp

(
− 1

N

N∑
i=1

ln [P (wi|wi−1, wi−2, ..., w1)]

)
, (1)

where P (wi|wi−1, ..., w1) is the predicted probability of the ith word. We com-
puted perplexity with a custom Python script, using the probabilities output by the
Ministral3 language model [44], accessed via the ‘HuggingFace Transformers’ library
[90].

The visualness score for a caption was computed by leveraging the Lancaster Sen-
sorimotor Norms [45], which collect human ratings on sensory-motor dimensions for
40, 000 English words. We considered the averaged ratings for the visual modality,
ranging from 0 (‘not experienced at all with vision’) to 5 (‘experienced greatly with
vision’). For each caption, visualness was computed by summing the vision scores of
its lemmatised constituent words. We were able to find a match for 85% of the unique
lemmatised words, considering captions from all images and of all types. Words for
which no match was detected were discarded.

Finally, lexical density (LD) was computed as the percentage of content words
within a caption, defined as:

LD =
Number of ContentWords

Total Number of Words
× 100 (2)

When computing ‘overall’ lexical density, we considered nouns, adjectives, adverbs,
and verbs. Additionally, we computed the density of nouns, adjectives and verbs sep-
arately. Captions were POS-tagged (classified according to their part of speech) with
the ‘spaCy’ Python package [91].

Caption embeddings

Caption embeddings were computed with five different language models: BERT [46],
GPT-2 [47], Llama3.1 [48], Qwen3 Embedding [49], and KaLM Embedding [50].
BERT is an early transformer-based bidirectional model pretrained in an unsuper-
vised fashion with masked language modelling and next-sentence prediction. GPT-2
is a unidirectional model pretrained on vast amounts of web-scraped texts with next-
word prediction. Llama3.1 is also a unidirectional model, pretrained with next-word
prediction and then post-trained on tasks aimed at increasing its abilities to follow
instructions, align with human output preferences, and perform specific tasks, such as
coding or reasoning.

Qwen3 Embeddings is a unidirectional language transformer initialised with
weights from the Qwen3 foundation model [92] and then trained in multiple steps
with a contrastive loss aimed at maximising the similarity between a document and
a query. The training stages involve large-scale, weakly-supervised training on noisy
datasets, followed by fine-tuning on high-quality datasets and model merging. KaLM
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Embedding was initialised with weights from Gemma3 [93] and then trained with a
contrastive loss, enabling bidirectional attention. Similar to Qwen3 Embedding, the
training pipeline involved large-scale pre-training on weakly supervised datasets, fine-
tuning on high-quality, supervised datasets, and contrastive distillation on fine-grained
soft signals. For both text embedders, the semantic tasks considered for training
involved semantic text similarity, text classification, and retrieval.

All these models were accessed via the HuggingFace Python library [90]; the exact
model IDs and Python scripts used to compute the embeddings are provided in our
public GitHub repository. Embeddings extracted with BERT correspond to the hidden
states of the CLS token, i.e., the one storing a ‘sentence-level’ representation. When
computing embeddings with GPT-2 and Llama3.1, we considered the hidden states
corresponding to the last token of the sequence, a common choice when extracting
sentence embeddings from generative language models [e.g., 94, 95]. As for Qwen3
Embedding and KaLM Embedding, we extracted sentence embeddings following the
instructions in the model cards, as extracting sentence-/document-level embeddings
is the intended use case for these models.

Image features

Image features were computed by feeding vision models with the 906 images viewed
by participants in the fMRI experiment, using the same preprocessing. We focused on
the convolutional neural network ResNet-50 [53] and the vision transformer ViT [54],
which have been extensively studied by existing NeuroAI work [e.g., 20, 24, 96], and
considered implementations varying in the amount of language supervision provided
during training. More specifically, we tested both ViT and ResNet-50 in their original
implementations trained for image classification on ImageNet [57] labels, and in the
CLIP implementation [58], trained with a contrastive loss maximising the similarity
between images and their captions. We also considered implementations trained purely
visually in a self-supervised fashion. These were DINOv2 [56] for ViT and DINO [55]
for ResNet-50 (ResNet-50 is not included in the more recent DINOv2 framework). We
computed image features (hidden states) from each layer of the ViTs. As for ResNet-
50, we extracted representations at five different depths in the network (stem, conv1,
conv2, conv3, conv4, attnpool).

Voxel-wise encoding models

To assess the brain predictivity of the different caption embeddings and image fea-
tures, we predicted the brain activations in each voxel from the three ROIs (Faces,
Places, and Bodies) using voxel-wise encoding models [59, 60]. Model embeddings from
a specific layer, denoted by X ∈ Rn×d (with n stimuli and d features), were first down-
sampled with principal component analysis (PCA), adaptively selecting the number
of components k such that 99% of the original variance was captured. This yielded the
reduced embeddings Z ∈ Rn×k. Next, these downsampled embeddings Z were used
as predictors in a Ridge regression model:

ŷv = Zβv, βv = argmin
β

{
∥yv − Zβ∥22 + α∥β∥22

}
,
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where yv ∈ Rn represents the measured responses of voxel v. Note that each voxel v
was predicted independently.

Ridge regression was performed in a 5-fold cross-validation framework. Within
each fold, the optimal value of the regularisation parameter α was determined through
leave-one-out cross-validation, choosing among 20 logarithmically spaced values. Ridge
regressions were fit using custom Python scripts. To quantify the accuracy of the
predicted activations ŷv, we computed Pearson’s correlation coefficient r(ŷv, v), where
v are the observed activations for the test set of each fold. In the paper, we reported
correlations averaged across test sets of all folds.

Statistical significance of voxel-wise predictions

To assess the statistical significance of each voxel-wise prediction, we conducted per-
mutation tests where we retrained the encoding models as described above, randomly
shuffling the labels of the predicted brain responses in the training set. We consid-
ered 1000 permutations, allowing us to derive a distribution of correlation values r for
each voxel. We then computed a p-value as the proportion of r values greater than, or
equal to, the observed r value (without any shuffling). For computational efficiency,
we did not re-determine the optimal value of α at each permutation, but used the
best value as pre-selected with the correct (non-shuffled) labels. Finally, we applied a
Benjamini-Hochberg (or false discovery rate) [97] correction for multiple comparisons
using the ‘Scipy’ [98] Python package, with the number of comparisons corresponding
to the number of voxels in each ROI.

Linear mixed-effects models

To systematically determine whether caption type and LM significantly influence brain
predictivity, brain alignment and behavioural alignment, we fit linear mixed-effects
models using the R packages ‘lme4’ [99] and ‘lmerTest’ [100]. When analysing brain
results, we fit an independent model for each ROI (Faces, Places, Bodies). We included
random effects for each participant in all cases and proceeded to fit nested models.
We started with a model including ‘language model’ as the only fixed effect (y ∼
language model + (1 | participant)), then included ‘caption type’ as an addi-
tional fixed effect (y ∼ language model + caption type + (1 | participant)),
and finally an interaction between the two (y ∼ language model * caption type

+ (1 | participant)). Each time we added new parameters, we used a likelihood
ratio test to determine if the improvements in the fit justified the increased model
complexity. In all cases, we reported results for the most complex model that provided
a statistically significant improvement (p ≪ 0.001) over the nested ones.

Representational similarity analysis

To quantify the brain and behavioural alignment of model representations (caption
embeddings and image features), we used Representational Similarity Analysis (RSA,
[62]). This method quantifies alignment as the Spearman correlation (ρ) between repre-
sentational dissimilarity matrices (RDMs) storing pairwise distances between stimulus
representations. In the case of model embeddings (both caption embeddings and image
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features) and brain responses, these pairwise distances were computed as cosine dis-
tances (1−cosine similarity). As for the similarity judgments, the RDMs derived from
the Multiple Arrangements Task were made publicly available by the curators of the
NSD. The final Spearman correlation was computed on the vectorised off-diagonals
of the RDMs. RSA was performed separately for each participant and model layer.
Pairwise cosine distances and Spearman correlations were computed with the Python
packages ‘Scipy’ [98] and ‘Scikit-learn’ [101]. To determine if Spearman correlations
were statistically significant, we performed permutation tests (npermutations = 1000)
where the stimulus labels were shuffled before computing the RDMs. This allowed us
to obtain a p-value by calculating the proportion of permutations yielding correlations
lower than or equal to the observed one.

We additionally computed noise ceilings, which provide an indication of the max-
imum representational alignment that can be expected given the inter-participant
differences, in both neural activations and behavioural judgments. These noise ceilings
were obtained by computing the mean Spearman correlation between each partici-
pant’s RDM and the average (across participants) RDM, calculated either including
the target participant (upper bound) or with a leave-one-out approach (lower bound)
[102].

Intrinsic dimensionality

To estimate the intrinsic dimensionality at each layer of the language models, we used
the generalised ratios intrinsic dimension estimator (GRIDE, [67]). This is a nearest-
neighbour (NN) method, i.e., it assumes that data points close to each other are
uniformly drawn from d-dimensional hyperspheres, and it estimates intrinsic dimen-
sionality as a function of the average of the distances among the sample points and
their respective k-th NN, with k being the number of NNs considered.

More formally, consider the random variable µ̇ = µi,n1,n2 =
ri,n2

ri,n1
, where ri,l is the

distance between observation i and its l-th NN and 1 ≤ n1 < n2 are integers. The
density function of this random variable is:

fµi,n1,n2 (µ̇)
=

d(µ̇d − 1)n2−n1−1

µ̇(n2−1)d+1B(n2 − n1, n1)
, µ̇ > 1, (3)

where B(·, ·) denotes the Beta function and d is the intrinsic dimensionality. Following
a maximum-likelihood approach and setting n2 = n1 + 1, it is possible to derive the
following estimator:

d̂L =
n(L− 1)− 1∑n

i=1

∑L
l=2(l − 1)log(µi,l)

, (4)

where L indicates the maximum NN rank considered. Correctly identifying the number
of intrinsic dimensions, therefore, requires computing estimates considering different
neighbourhood sizes.

When conducting our experiments, we estimated intrinsic dimensionality with the
GRIDE algorithm as implemented in the ‘Dadapy’ [103] Python package. We set the
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maximum nearest neighbour rank (L) to 5436 (906 images× 6 caption types), resulting
in 12 estimates (log2(L), as the NN order is doubled at each estimate).
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