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ABSTRACT

Understanding the functional organization of higher visual cortex is a central focus
in neuroscience. Past studies have primarily mapped the visual and semantic
selectivity of neural populations using hand-selected stimuli, which may potentially
bias results towards pre-existing hypotheses of visual cortex functionality. Moving
beyond conventional approaches, we introduce a data-driven method that generates
natural language descriptions for images predicted to maximally activate individual
voxels of interest. Our method – Semantic Captioning Using Brain Alignments
(“BrainSCUBA”) – builds upon the rich embedding space learned by a contrastive
vision-language model and utilizes a pre-trained large language model to generate
interpretable captions. We validate our method through fine-grained voxel-level
captioning across higher-order visual regions. We further perform text-conditioned
image synthesis with the captions, and show that our images are semantically
coherent and yield high predicted activations. Finally, to demonstrate how our
method enables scientific discovery, we perform exploratory investigations on the
distribution of “person” representations in the brain, and discover fine-grained
semantic selectivity in body-selective areas. Unlike earlier studies that decode text,
our method derives voxel-wise captions of semantic selectivity. Our results show
that BrainSCUBA is a promising means for understanding functional preferences
in the brain, and provides motivation for further hypothesis-driven investigation of
visual cortex. Code and project site: https://www.cs.cmu.edu/˜afluo/BrainSCUBA

1 INTRODUCTION

The recognition of complex objects and semantic visual concepts is supported by a network of
regions within higher visual cortex. Past research has identified the specialization of certain regions
in processing semantic categories such as faces, places, bodies, words, and food (Puce et al., 1996;
Kanwisher et al., 1997; McCarthy et al., 1997; Maguire, 2001; Epstein & Kanwisher, 1998; Grill-
Spector, 2003; Downing et al., 2001; Khosla et al., 2022; Pennock et al., 2023; Jain et al., 2023).
Notably, the discovery of these regions has largely relied on a hypothesis-driven approach, whereby
the researcher hand-selects stimuli to study a specific hypothesis. This approach risk biasing the
results as it may fail to capture the complexity and variability inherent in real-world images, which
can lead to disagreements regarding a region’s functional selectivity (Gauthier et al., 1999).

To better address these issues, we introduce BrainSCUBA (Semantic Captioning Using Brain
Alignments), an approach for synthesizing per-voxel natural language captions that describe voxel-
wise preferred stimuli. Our method builds upon the availability of large-scale fMRI datasets (Allen
et al., 2022) with a natural image viewing task, and allows us to leverage contrastive vision-language
models and large-language models in identifying fine-grained voxel-wise functional specialization
in a data-driven manner. BrainSCUBA is conditioned on weights from an image-computable fMRI
encoder that maps from image to voxel-wise brain activations. The design of our encoder allows us
to extract the optimal encoder embedding for each voxel, and we use a training-free method to close
the modality gap between the encoder-weight space and natural images. The output of BrainSCUBA
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describes (in words) the visual stimulus that maximally activates a given voxel. Interpretation
and visualization of these captions facilitates data-driven investigation into the underlying feature
preferences across various visual sub-regions in the brain.

In contrast to earlier studies that decode text from the brain activity related to an image, we demon-
stratevoxel-wise captionsof semantic selectivity. Concretely, we show that our method captures
the categorical selectivity of multiple regions in visual cortex. Critically, the content of the captions
replicates the �eld's pre-existing knowledge of each region's preferred category. We further show that
BrainSCUBA combined with a text-to-image model can generate images semantically aligned with
targeted brain regions and yield high predicted activations when evaluated with a different encoder
backbone. Finally, we use BrainSCUBA to perform data-driven exploration for the coding of the
category “person”, �nding evidence for person-selective regions outside of the commonly recognized
face/body domains and discovering new �ner-grained selectivity within known body-selective areas.

2 RELATED WORK

Several recent studies have yielded intriguing results by using large-scale vision-language models to
reconstruct images and text-descriptions from brain patterns when viewing images (Takagi & Nishi-
moto, 2022; Chen et al., 2022; Doerig et al., 2022; Ferrante et al., 2023; Ozcelik & VanRullen, 2023;
Liu et al., 2023), or to generate novel images that are predicted to activate a given region (Ratan Murty
et al., 2021; Gu et al., 2022; Luo et al., 2023). Broadly speaking, these approaches require condition-
ing on broad regions of the visual cortex, and have not demonstrated the ability to scale down and
enable voxel-level understanding of neural selectivity. Additionally, these methods produce images
rather than interpretable captions. Work on arti�cial neurons (Borowski et al., 2020; Zimmermann
et al., 2021) have shown that feature visualization may not be more informative than top images in
arti�cial neural networks. In contrast, our work tackles biological networks which have more noisy
top-images that are less conducive to direct analysis, and the synthesis of novel images/captions can
act as a source of stimuli for future hypothesis-driven neuroscience studies.

Semantic Selectivity in Higher Visual Cortex. Higher visual cortex in the human brain contains
regions which respond selectively to speci�c categories of visual stimuli, such as faces, places, bodies,
words, and food (Desimone et al., 1984; Puce et al., 1996; Kanwisher et al., 1997; McCarthy et al.,
1997; Maguire, 2001; Epstein & Kanwisher, 1998; Grill-Spector, 2003; Downing et al., 2001; Cohen
et al., 2000; Khosla et al., 2022; Pennock et al., 2023; Jain et al., 2023). These discoveries have
predominantly relied on the use of hand-selected stimuli designed to trigger responses of distinct
regions. However the handcrafted nature of these stimuli may misrepresent the complexity and
diversity of visual information encountered in natural settings (Gallant et al., 1998; Felsen & Dan,
2005). In contrast, the recent progress in fMRI encoders that map from stimulus to brain response
have enabled data-driven computational tests of brain selectivity in vision (Naselaris et al., 2011;
Huth et al., 2012; Yamins et al., 2014; Eickenberg et al., 2017; Wen et al., 2018; Kubilius et al.,
2019; Conwell et al., 2023; Wang et al., 2022), language (Huth et al., 2016; Deniz et al., 2019),
and at the interface of vision and language (Popham et al., 2021). Here, based on Conwell et al.
(2023)'s evaluation of the brain alignment of various pre-trained image models, we employ CLIP as
our encoder backbone.

Image-Captioning with CLIP and Language Models. Vision-language models trained with a
contrastive loss demonstrate remarkable capability across many discriminative tasks (Radford et al.,
2021; Cherti et al., 2023; Sun et al., 2023). However, due to the lack of a text-decoder, these models
are typically paired with an adapted language model in order to produce captions. When captioning,
some models utilize the full spatial CLIP embedding (Shen et al., 2021; Li et al., 2023a), whilst
others use only the vector embedding (Mokady et al., 2021; Tewel et al., 2022; Li et al., 2023b). By
leveraging the multi-modal latent space learned by CLIP, we are able to generate voxel-wise captions
without human-annotated voxel-caption data.

Brain-Conditioned Image and Caption Generation. There are two broad directions when it
comes to brain conditioned generative models for vision. The �rst seeks to decode (reconstruct)
visual inputs from the corresponding brain activations, including works that leverage retrieval,
variational autoencoders (VAEs), generative adversarial networks (GANs), and score/energy/diffusion
models (Kamitani & Tong, 2005; Han et al., 2019; Seeliger et al., 2018; Shen et al., 2019; Ren et al.,
2021; Takagi & Nishimoto, 2022; Chen et al., 2023; Lu et al., 2023; Ozcelik & VanRullen, 2023).
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Figure 1:Architecture of BrainSCUBA . (a) Our framework relies on an fMRI encoder trained
to map from images to voxel-wise brain activations. The encoder consists of a frozen CLIP image
network with a unit norm output and a linear probe.(b) We decode the voxel-wise weights by
projecting the weights into the space of CLIP embeddings for natural images followed by sentence
generation.(c) Select sentences from each region, please see experiments for a full analysis.

Some approaches further utilize or generate captions that describe the observed visual stimuli (Doerig
et al., 2022; Ferrante et al., 2023; Liu et al., 2023; Mai & Zhang, 2023).

The second approach seeks to generate stimuli thatactivatesa given region rather than exactly
reconstructing the input (Walker et al., 2019; Bashivan et al., 2019). Some of these approaches utilize
GANs or Diffusion models to constrain the synthesized output (Ponce et al., 2019; Ratan Murty et al.,
2021; Gu et al., 2022; Luo et al., 2023). BrainSCUBA falls under the broad umbrella of this second
approach. But unlike prior methods which were restricted to modeling broad swathes of the brain,
our method can be applied at voxel-level, and can output concrete interpretable captions.

3 METHODS

We aim to generate �ne-grained (voxel-level) natural language captions that describe a visual scene
which maximally activate a given voxel. We �rst describe the parameterization and training of our
voxel-wise fMRI encoder which goes from images to brain activations. We then describe how we
can analytically derive the optimal CLIP embedding given the encoder weights. Finally, we describe
how we close the gap between optimal CLIP embeddings and the natural image embedding space to
enable voxel-conditioned caption generation. We illustrate our framework in Figure 1.

3.1 IMAGE-TO-BRAIN ENCODERCONSTRUCTION

An image-computable brain encoder is a learned functionF� that transforms an imageI 2 RH � W � 3

to voxel-wise brain activation beta values represented as a1D vector ofN brain voxelsB 2 R1� N ,
whereF� (I ) ) B . Recent work identi�ed models trained with a contrastive vision-language
objective as the highest performing feature extractor for visual cortex, with later CLIP layers being
more accurate for higher visual areas (Wang et al., 2022; Conwell et al., 2023). As we seek to
solely model higher-order visual areas, we utilize a two part design for our encoder. First is a frozen
CLIP (Radford et al., 2021) backbone which outputs aR1� M dimensional embedding vector for each
image. The second is a linear probeW 2 R M � N with biasb 2 R 1� N , which transform a unit-norm
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Figure 2: Projection of fMRI encoder weights. (a) We validate the encoderR2 on a test set,
and �nd it can achieve high accuracy in the higher visual cortex.(b) The joint-UMAP of image
CLIP embeddings, and pre-/post-projection of the encoder. All embeddings are normalized before
UMAP. (c) We measure the average cosine similarity between pre-/post-projection weights, and �nd
it increases as the images used are increased. Standard deviation of 5 projections shown in light blue.

image embedding to brain activations.
�

CLIPimg(I )
kCLIPimg(I )k2

� W + b
�

) B (1)

After training with MSE loss, we evaluate the encoder on the test set in Figure 2(a) and �nd that our
encoder can achieve highR2.

3.2 DERIVING THE OPTIMAL EMBEDDING AND CLOSING THE GAP

The fMRI encoder we construct utilizes a linear probe applied to a unit-norm CLIP embedding. It
follows from the design that the maximizing embeddinge�

i for a voxeli can be derived ef�ciently
from the weight, and the predicted activation is upper bounded bykWi k2 + bwhen

e�
i =

Wi

kWi k2
(2)

In practice, a natural imageI � that achieves CLIPimg( I � )
kCLIPimg( I � )k2

= e�
i does not typically exist. There is a

modality gap between the CLIP embeddings of natural images and the optimal embedding derived
from the linear weight matrix. We visualize this gap in Figure 2(b) in a joint UMAP (McInnes et al.,
2018) �tted on CLIP ViT-B/32 embeddings and fMRI encoder weights, both normalized to unit-norm.
To close this modality gap, we utilize a softmax weighted sum to project the voxel weights onto the
space of natural images. Let the original voxel weight beW orig

i 2 R1� M , which we will assume to
be unit-norm for convenience. We have a set withK natural imagesM = f M 1; M 2; M 3; � � � ; M K g.
For each image, we compute the CLIP embeddingej = CLIPimg(M j ). GivenW orig

i , we use cosine
similarity followed by softmax with temperature� to compute a score that sums to1 across all images.
For each weightW orig

i and example imageM j :

Scorei;j =
exp(W orig

i eT
j =� )

exp(
P K

k=1 W orig
i eT

k =� )
(3)

We parameterizeW proj
i using a weighted sum derived from the scores, applied to the norms and

directions of the image embeddings:

W proj
i =
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!

(4)

In Figure 2(c) we show the cosine similarity betweenW orig
i andW proj

i as we increase the size of
M . This projection operator can be treated as a special case of dot-product attention (Vaswani
et al., 2017), withquery = W orig

i ; key = f e1; e2; � � � ; eK g, and value equal to norm or direction
of f e1; e2; � � � ; eK g. A similar approach is leveraged by Li et al. (2023b), which shows a similar
operator outperforms nearest neighbor search for text-only caption inference. AsW proj

i lies in the
space of CLIP embeddings for natural images, this allows us to leverage any existing captioning
system that is solely conditioned on the �nal CLIP embedding of an image. We utilize a frozen
CLIPCap network, consisting of a projection layer and �netuned GPT-2 (Mokady et al., 2021).
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Figure 3: Interpreting the nouns generated by BrainSCUBA. We take the projected encoder
weights and �t a UMAP transform that goes to4-dims. (a) The 50 most common noun embeddings
across the brain are projected & transformed using the fMRI UMAP.(b) Flatmap ofS1with ROIs
labeled.(c) In�ated view of S1. (d) Flatmaps ofS2, S5, S7. We �nd that BrainSCUBA nouns are
aligned to previously identi�ed functional regions. Shown here are body regions (EBA), face regions
(FFA-1/FFA-2/aTL-faces), place regions (RSC/OPA/PPA). Note that the yellow near FFA match the
food regions identi�ed by Jain et al. (2023). The visualization style is inspired by Huth et al. (2016).

4 RESULTS

In this section, we utilize BrainSCUBA to generate voxel-wise captions and demonstrate that it can
capture the selectivity in different semantic regions in the brain. We �rst show that the generated
nouns are interpretable across the entire brain and exhibit a high degree of speci�city within pre-
identi�ed category-selective regions. Subsequently, we use the captions as input to text-to-image
diffusion models to generate novel images, and con�rm the images are semantically consistent
within their respective regions. Finally, we utilize BrainSCUBA to analyze the distribution of
person representations across the brain to offer novel neuroscienti�c insight. These results illustrate
BrainSCUBA's ability to characterize human visual cortical populations, rendering it a promising
framework for exploratory neuroscience.

4.1 SETUP

We utilize the Natural Scenes Dataset (NSD; Allen et al. (2022)), the largest whole-brain 7T human
visual stimuli dataset. Of the8 subjects,4 subjects viewed the full10; 000image set repeated3� . We
use these subjects, S1, S2, S5, S7, for experiments in the main paper, and present additional results in
the appendix. The fMRI activations (betas) are computed using GLMSingle (Prince et al., 2022), and
further normalized so each voxel's response is� = 0 ; � 2 = 1 on a session basis. The response across
repeated viewings of the same image is averaged. The brain encoder is trained on the� 9000unique
images for each subject, while the remaining� 1000images viewed by all are used to validateR2.
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