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Abstract

Previous studies leveraging artificial neural networks have
been used to investigate the semantic coding within human
visual cortex. However, building an interpretable label-free
framework that can effectively map brain responses to multi-
ple coexisting semantic concepts remains largely unexplored.
Here, we propose BrainLMM, a label-free framework for
multi-semantic mapping of voxel responses by combining di-
verse vision encoders with the Describe-and-Dissect strategy,
enabling a hypothesis-free analysis of the human high-level
visual cortex. First, we construct voxel-wise encoding models
leveraging diverse vision encoders to predict visual cortical
responses to natural scene images. Then, we use BrainLMM
to map individual brain voxels to multiple semantics with-
out requiring any predefined labels. To evaluate the effective-
ness of our method, we compute Pearson correlation coef-
ficients to compare the multi-semantic mappings produced
by BrainLMM and CLIP-MSM with ground-truth voxel re-
sponses within selective cortical areas. Our findings indicate
that BrainLMM achieves more accurate predictions of vi-
sual responses compared to CLIP-MSM. Finally, to demon-
strate the multi-semantic mapping capability of our method,
we project multiple representative semantic concepts onto the
cortical surface for visualization. Our method enables the dis-
covery of voxels that exhibit strong activation in response to
previously undefined semantic concepts across two indepen-
dent datasets: the Natural Scenes Dataset (NSD) and the Nat-
ural Object Dataset (NOD).

Code — https://github.com/BIT-YangLab/BrainLMM

Introduction

The human visual cortex is capable of transforming high-
dimensional sensory input into structured semantic repre-
sentations, forming category-selective activation patterns in
distributed cortical regions (Grill-Spector and Weiner 2014;
Bao et al. 2020). A substantial body of evidence from neu-
ropsychological case studies and intracranial electrophysi-
ology converges to demonstrate that higher-order visual re-
gions are organized into specialized cortical areas, each se-
lectively engaged in processing semantic categories such as

*Corresponding author: Guoyuan Yang
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faces, places, bodies, words, and food (Puce et al. 1996;
Kanwisher, McDermott, and Chun 1997; Epstein and Kan-
wisher 1998; Maguire 2001; Grill-Spector 2003; Pennock
et al. 2023; Jain et al. 2023). Large-scale brain imaging
datasets (Chang et al. 2019; Allen et al. 2022) have driven
significant advancements in encoding models for the ven-
tral visual pathway (Qiao et al. 2021), including goal-driven
and data-driven approaches (Cadena et al. 2019; Xiao et al.
2022). Recently, the rise of explainable neural network tech-
niques, such as Network Dissection (Bau et al. 2017), Com-
positional Explanations (Mu and Andreas 2020), and CLIP
Dissection (Oikarinen and Weng 2023), has enhanced the
interpretability of human visual cortical encoding models.
These techniques have broadened their use in hypothesis-
free analyses, enabling the exploration of tuning features for
ecologically significant intermediate properties (Sarch et al.
2023).

Prior study has demonstrated the parallelism between
neural networks and the brain in information processing
(Wehbe et al. 2014). In addition, research on modeling the
IT cortex shows neural networks can be used to model the
human ventral visual stream (Yamins et al. 2014). Recent
hypothesis-free encoding models have revealed category-
selective responses (e.g., food, person) in the human ven-
tral visual cortex, mitigating biases introduced by predefined
labels (Khosla and Wehbe 2022; Xue et al. 2024). Using
vision—language embeddings, neural networks can directly
predict brain responses to natural scenes with improved ac-
curacy (Wang et al. 2023). Recent interpretable frameworks,
such as BrainSCUBA (Luo et al. 2024) and CLIP-MSM
(Yang et al. 2025), leverage CLIP-based voxel-wise models
and semantic dissection to map brain voxels to multiple con-
cepts, solving the problem of multi-semantic concepts cor-
responding to a single voxel (Tarr and Gauthier 2000; Doshi
and Konkle 2023).

However, existing interpretable encoding models typi-
cally fall into one of two categories: those that enable multi-
semantic representations but rely on predefined label sets,
and those that support label-free analysis yet associate each
voxel with only a single dominant concept. Thus, they can-
not capture multiple neural selectivities without category-
level priors. To overcome these limitations, we introduce
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Figure 1: Architecture of BrainLMM. (A) For each voxel, an individualized ridge regression model is instantiated to capture its
unique response profile. All voxels share a common backbone network based on ViT or CNN. The learned voxel-wise weights
are applied to the output features of the backbone to predict each voxel’s response to a given input image. The models are
optimized by minimizing the mean squared error (MSE) between the predicted and actual voxel responses for both the NSD
and NOD datasets. (B) The images are first processed by a pretrained convolutional backbone to extract feature maps from
a specific intermediate layer. For each voxel, a linear transformation parameterized by voxel-specific weights W, and bias b,
is applied to these features, producing a predicted activation that reflects the voxel’s response to the input image. Guided by
this voxel-wise activation, targeted data augmentation is performed to generate a diverse set of semantically relevant images.
These augmented samples are then re-evaluated through the same voxel pathway (indicated by blue arrows), and the top - K
images that elicit the strongest predicted responses are selected. For these images, we leverage BrainVLPT (Visual Linguistic
Projection to Tokens) module to generate a pool of candidate semantic labels. To model the inherent semantic diversity of
voxel responses, we employ a diffusion-based generative module in combination with a scoring network, which jointly selects
multiple representative labels. This enables fully label-free discovery of multi-semantic mappings grounded in brain activity.
(C) Visualization of selective ROIs along the ventral visual pathway for encoding models of subject S5 in the NSD.

BrainLMM: a label-free framework for multi-semantic map- egorical labels and predicted brain responses. We validate
ping of voxel responses, designed for hypothesis-free analy- this approach through a hypothesis-free brain activation
sis of the human high-level visual cortex. We begin by con- analysis, quantifying the alignment between BrainLMM-
structing voxel-wise encoding models that use CLIP image reconstructed voxel selectivities and ground-truth semantic
embeddings to predict brain responses to natural scene im- activations. We further confirm its reproducibility on two
ages from the NSD (Allen et al. 2022) and NOD (Gong widely used fMRI datasets, NSD and NOD. In summary,
et al. 2023). Then, we improve upon Describe-and-Dissect our main contributions are as follows:

(DnD) (Bai et al. 2025), a training-free and label-free in-
terpretability framework, and apply it to generate semantic
labels for individual voxels. Our improved variant retains
DnD’s ability to produce open-vocabulary, natural language
descriptions without relying on predefined semantic cate-

* We improve and apply DnD to fMRI response-optimized
encoding models for the first time, enabling the iden-
tification of semantic concepts in images that elicit the
strongest voxel-level selectivity.

gories. We further compare the performance of BrainLMM * We propose BrainLMM, a framework that enables voxel-
with CLIP-MSM by assessing the similarity between the wise multi-semantic mapping in the human high-level vi-
voxel-wise weights obtained from the training process and sual cortex, and employ it to investigate cortical semantic
the labels of semantic mapping generated by the two ex- selection without relying on predefined labels.

plainable methods. To enable voxel-wise multi-semantic « We validated BrainLMM on two large-scale, high-

mapping, we normalize the semantic mapping scores to quality fMRI datasets of natural scene images, including
softly optimize the alignment between image-derived cat- the NSD and NOD.
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Related Work
Voxel-wise Encoding Models Based on CLIP

CLIP (Contrastive Language-Image Pretraining) is an ef-
ficient model designed to learn image representations di-
rectly from the raw text descriptions associated with im-
ages, providing a broader and more flexible source of su-
pervision (Radford et al. 2021). By leveraging large-scale
natural language supervision, CLIP enables image models
to learn directly from massive amounts of web text. The
CLIP model notably improves the accuracy of behavioral
image predictions, suggesting that language plays a key
role in shaping how the human mind interprets visual in-
formation in computer vision tasks (Conwell et al. 2023).
In the context of human high-level visual cortex, CLIP has
demonstrated strong effectiveness in predicting voxel-wise
brain responses to natural scenes, as shown in the NSD
dataset (Wang et al. 2023). Several research efforts have em-
ployed diffusion models to reconstruct both images and text
from fMRI data, leading to enhanced semantic precision and
deeper biological understanding (Luo et al. 2023; Ferrante
et al. 2023; Takagi and Nishimoto 2023). CLIP-MSM fo-
cuses on mapping multiple semantic categories to individ-
ual voxels in the high-level visual cortex (Yang et al. 2025),
combining CLIP-based encoding models with CLIP Dissec-
tion to identify overlapping semantic representations with-
out being constrained to a single label per voxel.

Describe-and-Dissect

DnD is a label-free and training-free framework for in-
terpreting deep neural networks (Bai et al. 2025). It uses
large pre-trained vision-language models like BLIP (Li et al.
2022) to generate natural language descriptions for hidden
neurons without relying on predefined concepts or annotated
datasets. As a result, it can work with the unlabeled datasets
(Krizhevsky, Hinton et al. 2009). DnD works by identify-
ing the image patches that most strongly activate each neu-
ron, matching them with semantic concepts via multimodal
embeddings, and generating descriptions using a language
model. Since it requires no retraining, DnD is computation-
ally efficient and readily applicable across different models
and datasets. Experiments have shown that DnD consistently
outperforms earlier interpretability methods in both the qual-
ity and informativeness of neuron descriptions. Compared
to traditional baselines, it is more than twice as likely to be
selected as the best explanation for a given neuron. Over-
all, DnD offers a powerful and general-purpose solution for
probing the functional roles of internal units in deep visual
models.

Methods

First, we begin by introducing the datasets and defining the
Regions of Interest (ROIs). Then, we detail the parame-
terization and training of our voxel-wise encoding models
(Naselaris et al. 2011), which predict brain responses from
image embeddings (Fig. 1A). Finally, we present how our
BrainLMM framework captures multi-semantic representa-
tion of each voxel without relying on predefined category
labels (Fig. 1B).
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Regions of Interests

In the case of the NSD dataset, we used five regions: the
fusiform face area (FFA) for face selectivity (Kanwisher,
McDermott, and Chun 2002), the extrastriate body area
(EBA) for body selectivity (Downing et al. 2001), the retros-
plenial cortex (RSC) for place selectivity (Brodmann 1909),
and the visual word form area (VWFA) for word selectiv-
ity (Cohen et al. 2000). These ROIs were defined using in-
dependent category localizer data (Allen et al. 2022), with
a t-value threshold of ¢ > 0. Additionally, we identified
the food-selective region (FOOD) following the method out-
lined in (Jain et al. 2023). We merged these five areas to cre-
ate a final selective ROI. For the NOD dataset, we used the
official ROIs corresponding to FFA, RSC, EBA, and VWFA,
with a more stringent threshold of £ > 2.3. Similarly, the fi-
nal selective ROI was obtained by combining these four re-
gions. To visualize the results, we used Pycortex for render-
ing in the native cortical space (Gao et al. 2015), as demon-
strated for subject S5 in Figure 1C.

BrainLMM Framework

Voxel-wise Encoding Models We employed OpenAl’s
CLIP models with ViT-B/32 and ResNet50 backbones for
image feature extraction, as these models have been demon-
strated to align well with the cortical hierarchy of the human
brain (Millet et al. 2022). Image embeddings derived from
ResNet50crp and ViT-B/32¢1p were used to predict voxel-
wise brain responses, with feature dimensionalities of 1024
and 512, respectively. We also utilized ImageNet-pretrained
(Deng et al. 2009) ResNet50 and AlexNet for image fea-
ture extraction. Features from the average pooling layer of
ResNetS0ppageNer and AlexNetymagene: Were used to predict
brain responses, with feature dimensionalities of 2048 and
9216. We used ridge regression models implemented in Py-
Torch to predict the averaged voxel-wise fMRI response to
individual images (Paszke et al. 2019). For both the NSD
and NOD datasets, images were split into training and test
sets using an 85:15 ratio. Regularization parameters were
logarithmically spaced from 1078 to 10'°. Model perfor-
mance was quantified using the coefficient of determination
(R?). Finally, we assessed statistical significance by per-
forming bootstrap testing on 2,000 resampled test sets, fol-
lowed by false discovery rate (FDR) correction (Benjamini
and Hochberg 1995).

Input For each voxel, the model predicts its response to
all images, using as input the same stimulus images pre-
sented during the fMRI experiments in both the NSD and
NOD datasets.

Algorithm BrainLMM involves three key steps (Fig. 1B).

1. Dataset Augmentation. For a given input image, the
activation map of voxel v is obtained by passing the image
through the model. We define the regions in the image with
high activation values as the f (foreground) and those with
low values as the b (background). To determine the optimal
threshold for separating the foreground and background, we
apply Otsu’s method (Otsu et al. 1975), which automatically
selects the threshold that maximizes the inter-class variance
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Figure 2: Performance evaluation of BrainLMM and CLIP-MSM for semantic map capture. We evaluate the performance of
both methods by mapping the label of each voxel to its corresponding text embedding using the text encoder. Both ResNet50¢y 1p
and ViT-32¢p utilize their respective text encoders, in line with the original CLIP implementation. To compare the methods,
we calculate the cosine similarity between two elements: the text embeddings derived from the labels produced by the two
explainable methods for all voxels within the selected regions, and the voxel-specific weights obtained during the training
process. (A) We visualize the labels and corresponding images for the same voxel across different selective regions, as generated
by the two explainable methods. Labels rendered in green denote results produced by BrainLMM, whereas those rendered in
orange denote results derived from CLIP-MSM. (B) A higher cosine similarity between the text embeddings and voxel-wise
weights signifies a stronger semantic alignment with the selective regions. As demonstrated, BrainLMM provides a more precise
semantic mapping compared to CLIP-MSM (*P < 0.05, **P < 0.001, paired #-test).

between the foreground and background pixels. We set P,
and P; represent the proportions of background and fore-
ground pixels, and ry, and 7 are their respective mean inten-
sities. In the thresholding strategy used in BrainLMM, P;
corresponds to the fraction of pixels in the activation map
that exceed a candidate threshold A, while P, denotes the
fraction of pixels below A. The value of A that yields the
maximum ¢2 is selected as the activation threshold. ¢
computed as:

q* = PyPy(ry —ry)? 4))

We then use A as the threshold to binarize the activa-
tion map. For the binary masked activation map, we utilize
OpenCV’s contour detection algorithm to highlight the con-
tours of the salient regions. Then, we compress the traced
contour segments into four end points, each representing a
vertex of the bounding box for the salient region. Finally, we
overlay the bounding boxes on the original stimulus images
and crop them to construct the final augmented dataset.

2. Generate Candidate Labels. To identify the most
highly activating images for a given voxel v, we select the
top-N images from the new dataset, where each image m; is
chosen based on the highest values of g(A,(m;)) forming a
set denoted as M. Here, A, (m;) denotes the activation map
of voxel v in response to input m;, and g is defined as the
spatial mean. To generate candidate labels for each voxel,
we introduce the BrainVLPT (Visual Linguistic Projection
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to Tokens) module. This module combines a BLIP image-
to-text model with a text tokenizer to produce labels. For
each image m;, we pass it through the BLIP model to gener-
ate a caption. All the captions of M are then tokenized, and
noun tokens are extracted as the candidate labels.As a result,
each voxel v is associated with a set of candidate labels L,
where L contains n labels. The number n corresponds to the
total number of distinct nouns extracted from all the captions
generated for the images in set M.

3. Multi-Semantic Concepts Selection. For each label
l; € L, t synthetic images are generated using a diffusion
model. We denote the resulting image set for each label as
M;, where | M; |= t. For each voxel, the entire new dataset
My = Z?zl M; = {my,...,my.}, which represents the
entire set of generated images. Then, We feed the synthetic
dataset M,;; back into the target model to rank the images
based on the voxel response. Specifically, the scalar response
of target voxel v for each image m; € M,;; is computed as
g(A,(m;)). The resulting set of scalar responses is denoted
as Gy, = g(Ay(mq)), ..., 9(Ay(mp.t)). To record the rank
of each image m; in M, we set a function R(y; Y) to re-
turn the rank of an element y within the set Y. For each
label /; , the ranks of its corresponding generated images are
recorded in T; = {R(g(A4,(m)); Gy),Ym € M;}. The ele-
ments in 7; are then sorted in ascending order by their ranks
with the corresponding numerical values decreasing accord-
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Figure 3: BrainLMM facilitates the fine-grained dissection of high-level visual categories within selective regions. For subject
S5 in the NSD dataset, we present voxel-wise semantic mappings captured by BrainLMM across selective regions for two
encoding models. Within each region of interest, the top 10 most frequent semantic labels are identified based on voxel-level
mappings. The X-axis denotes these selected semantic labels, while the Y-axis indicates the number of voxels associated with
each label. Notably, while “cake” emerged as the top-ranked label in the VWFA region, the corresponding images typically
featured cakes decorated with textual patterns. The results for other models and subjects are presented in the Appendix.

ingly, such that T;; corresponds to the lowest-ranking (i.e.,
weakest-activating) image. The concept score for the label
l; is computed as the mean of the squared ranks of the top-a
images with the lowest ranks in 7;, which helps reduce sen-
sitivity to poorly generated samples. The scoring function
V(T;) assigns a semantic relevance score to each candidate
concept based on the rank distribution of its associated gen-
erated images. For example, T; =8, 7, 6, 1], where T}; (rank
8) denotes the weakest activation. The concept score for [;
is obtained by averaging the squared ranks of the top-a im-
ages with the lowest ranks in T;(e.g., [7, 6, 1]), as defined in

Equation (2).
1 a
--iy
a -
Jj=1

@)

Experiments

In this section, we train encoding models separately us-
ing the NSD and NOD datasets to predict brain responses
for each subject. For the NSD dataset, all stimulus im-
ages were used as input to all models (ResNet50¢yp, ViT-
32cLip, ResNetSOpmagenet, and AlexNetimagenet). For the NOD
dataset, only images actually viewed by participants are used
as input to ResNet50¢yp and ViT-32¢p. We apply the pro-
posed BrainLMM framework to these encoding models to
automatically inspect the functional selectivity of individual
brain voxels. Then we compare the multi-semantic mapping
accuracy of BrainLMM and CLIP-MSM. Finally, we vali-
date the effectiveness of BrainLMM by quantifying the cor-
respondence between its reconstructed brain responses and
the ground-truth activations for the semantic categories of
faces, bodies, places, food, and words.
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Large-scale fMRI Datasets

The NSD dataset (Allen et al. 2022) provides high-density
fMRI recordings from eight participants (six female, aged
19-32). We used the betas_fithrf GLMdenoise _RR estimates
for beta value preparation. Cortical surface reconstructions
were performed with FreeSurfer (Dale, Fischl, and Sereno
1999). We calculated the z-scores of the beta values across
runs and averaged them over up to three repetitions for each
image, resulting in one fMRI response per voxel per image.
The visual stimuli consisted of square-cropped, resized im-
ages from the COCO dataset (Lin et al. 2014), each sub-
tending a visual angle of 8.4 x 8.4°. We also employed the
NOD dataset (Gong et al. 2023) for validation, which con-
tains fMRI responses to 57,120 images collected from 30
participants scanned scanned on a 3T MRI scanner. We se-
lected a subset of nine participants with high fMRI quality
(five female, aged 19-26) who each viewed 4,000 unique Im-
ageNet images along with 120 shared COCO images. The
analysis used preprocessed surface-based data from ciftify
(Dickie et al. 2019) to ensure data quality.

BrainLMM Improves Multi-Semantic Mapping

We conducted a comparative analysis between BrainLMM
and CLIP-MSM. After model dissection, we visualized the
labels and corresponding images for the same voxel across
each selective region, as generated by both explainable
methods (Fig. 2A). For both methods, the label with the
highest semantic mapping score was selected, and the scores
were normalized using the softmax function. The normal-
ized score is shown in parentheses alongside each label.
Our results indicate that, BrainLMM enables a richer and
more fine-grained semantic mapping of individual voxels.
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Figure 4: Voxel-wise visualization results on the cortical surface using BrainLMM. (A) Voxel-level dissection results for subject
S5 in the NSD dataset, using ResNet50¢p as the visual backbone. Image embeddings for all stimulus images are computed
using the CLIP image encoder, followed by a UMAP projection into three dimensions. For each voxel, the highest-scoring label
from its dissection result is embedded using the CLIP text encoder, projected into the same UMAP space, and normalized to
generate RGB color values. (B) Flatmap of subject S5 with labeled ROIs. (C) Inflated cortical view showing the projection of
semantic labels for S5. (D) Several representative semantic concepts are projected onto the flattened cortical surface. The color
of each voxel reflects the similarity between its representation and the given concept, with intensity encoded by the color map.

The visualization style is adapted from (Luo et al. 2024).

To conduct a more detailed quantitative comparison between
the two methods, we focused on their ability to character-
ize semantic mappings across all voxels within each selec-
tive region. We computed the cosine similarity between the
text embeddings of labels generated by the two explainable
methods and the voxel-specific weights obtained from the
CLIP models. Our analysis reveals that, for subject S5 in
the NSD dataset, BrainLMM achieves higher cosine similar-
ity than CLIP-MSM across most selective cortical regions
(Fig. 2B), indicating more accurate semantic alignment at
the voxel level. In the FFA region, the median cosine sim-
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ilarity between BrainLMM and CLIP-MSM is comparable.
Although BrainLMM shows a slightly lower maximum, it
achieves a substantially higher minimum, suggesting more
stable performance across voxels. In the EBA, RSC, FOOD,
and VWFA regions, BrainLMM consistently outperforms
CLIP-MSM, with both higher median and overall similarity
scores. Results from additional NSD subjects (S1-S8) and
NOD participants (S1-S9) are provided in the Appendix.



Label-free Mapping with BrainLMM

For each voxel, we selected the top-ranked label from its
candidate label set. We then aggregated these labels across
all voxels within each category-selective region and iden-
tified the 10 most frequently occurring nouns (Fig. 3).
Here, we present the results for subject S5 in the NSD
dataset for the FFA, EBA, RSC, FOOD, and VWEFA, us-
ing ResNet50crp and ViT-32¢pp models. The categories
that most strongly activated in these brain regions show
strong correspondence with those identified in prior stud-
ies (Stigliani, Weiner, and Grill-Spector 2015; Gauthier,
Behrmann, and Tarr 1999; Khosla and Wehbe 2022; Dilks
et al. 2013; Khosla et al. 2022), underscoring the validity of
our data-driven approach. Additional results are provided in
the Appendix.

Cortical Visualization of BrainLMM Results

To map the results onto the cortical surface, we first gener-
ate image embeddings for all images using the CLIP image
encoder. We then utilize UMAP to perform dimensionality
reduction on these embeddings. For each voxel, we input
its associated labels into the CLIP text encoder to generate
text embeddings, which are subsequently projected into the
pre-trained UMAP space and reduced to three dimensions.
The results are normalized and interpreted as RGB values,
which are used to color the labels of each voxel. Finally, the
50 most common nouns are displayed on the axes (Fig. 4A),
which is based on the dissection results of S5 in the NSD
dataset, using ResNet50¢p as the visual backbone. To fur-
ther illustrate the multi-semantic mapping captured by our
model, we project the highest-scoring label for each voxel
onto the flattened cortical surface (Fig. 4B), and also present
the corresponding inflated view (Fig. 4C). To demonstrate
the multi-semantic mapping capability of our method, we
project some representative semantic concepts onto the cor-
tical surface, including tennis player, man, kitchen, cake, and
sign (Fig. 4D). The color of each voxel reflects the similar-
ity score between its representation and the given semantic
concept, as indicated by the color map. As shown in the visu-
alizations, voxels located in known category-selective areas,
such as EBA (bodies), FFA (faces), RSC (places), VWFA
(words), and the food-selective region adjacent to FFA, ex-
hibit selectivity profiles aligned with the corresponding se-
mantic concepts. Additional results for other subjects and
models are provided in the Appendix.

BrainLMM Improves Brain Alignment

To further evaluate the alignment between our results
and actual brain activity, we computed the Pearson cor-
relation coefficient to assess the relationship between the
multi-semantic mappings across concepts generated by
BrainLMM and the ground-truth brain responses. Subse-
quently, we performed a statistical analysis comparing the
correlation coefficients derived from BrainLMM and CLIP-
MSM with respect to ground-truth responses. Our results
show that BrainLMM achieves significantly higher accuracy
in predicting visual responses than CLIP-MSM across the
concepts displayed on the X-axis, using voxel-wise encod-
ing models based on ResNet50c¢yp (Fig. SA) and ViT-32¢rp
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Figure 5: Comparison of multi-semantic mapping between
BrainLMM and CLIP-MSM. Pearson correlation coeffi-
cients quantifying the alignment between multi-semantic
mapping derived from both BrainLMM and CLIP-MSM and
the ground-truth voxel responses across selective cortical re-
gions. (A) Using ResNet50¢yp as the visual encoding back-
bone, BrainLMM achieves significantly higher prediction
accuracy than CLIP-MSM for visual responses associated
with places, food, faces, bodies, and words. (B) Using ViT-
32¢cpp as the visual encoding backbone, BrainLMM also
outperforms CLIP-MSM in predicting responses for places,
food, bodies, and words (* P < 0.05, **P < 0.001, paired
t-test).

(Fig. 5B). These findings confirm the neuroscientific plausi-
bility of the BrainLMM framework and underscore its abil-
ity to model the overlapping, multi-concept selectivity ob-
served in the high-level visual cortex. Overall, BrainLMM
effectively captures broad multi-semantic mappings across
the high-level visual cortex without relying on any prede-
fined label sets. Additional results are provided in the Ap-
pendix.

Conclusion

We introduce BrainLMM, a label-free framework for
multi-semantic mapping of voxel responses that supports
hypothesis-free analysis in the human high-level visual
cortex. By combining deep neural networks with an en-
hanced DnD method, BrainLMM enables more detailed in-
vestigation of voxel-level concept selectivity across a wide
range of natural scene categories. Compared to CLIP-MSM,
BrainLMM demonstrates superior performance in inter-
pretability evaluations. To assess mapping precision, we
compare the brain activations reconstructed by BrainLMM
with ground-truth responses for semantic categories. The
results show that BrainLMM achieves closer alignment
with actual brain activations than CLIP-MSM. To illus-
trate BrainLMM’s multi-semantic mapping capability, we
project several representative semantic concepts onto the
flattened cortical surface. BrainLMM enables the identifi-
cation of voxels that respond strongly to previously unde-
fined semantic concepts. We further validate the robustness
of BrainLMM using the NSD and NOD. Although this study
focuses on the high-level visual cortex, BrainLMM holds
promise for future investigations into finer-grained or more
abstract representations across the brain.
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