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Abstract:
Category selectivity for images of faces, scenes, and bodies is among the most striking and reproducible
findings in vision neuroscience. Artificial neural networks (ANNs) trained on visual tasks also develop
category-selective units, which has led to the suggestion that ANNs may capture how the brain pro-
cesses visual categories. Here, we distinguish between the presence of category-selective units in ANNs
from the form of selectivity they express, and show that the selectivity that emerges in ANN units
differs in systematic ways from that observed in the human brain with fMRI. Using standard fMRI
localizers, we identified category-selective units across a wide range of ANN models and found that
selective units emerge in trained, but not untrained, networks. We then identified category-selective
regions in the human brain and found that their responses were strikingly consistent across individuals,
revealing a stable response structure. Category-selective ANN units did not match this pattern. Their
responses diverged in both univariate tuning and multivariate representational geometry, fell well
below the human–human similarity ceiling, varied substantially across models, and depended strongly
on the localizer used to identify them. Category-selective ANN units were also neither necessary
nor sufficient for predicting neural responses. Finally, stimulus-level analyses revealed clear and
interpretable mismatches between ANN selectivity and human fMRI responses. Together, these results
show that category selectivity is a more demanding test of brain-model alignment than previously
appreciated. Although current ANNs contain category-selective units, the selectivity they express is
more fragile and fails to reproduce the stable and shared form of selectivity observed in the human brain.

Significance Statement:
Category-selective responses to faces, bodies, and scenes are among the most prominent features
of human visual cortex. Artificial neural networks also develop units that prefer these categories,
suggesting that similar computational principles may be at work. But a category preference alone can
arise from many different response patterns. We show that category-selective responses in the human
brain have a stable structure shared across people, while category-selective units in neural networks
rely on different visual cues and produce response patterns that are not brain-like. Importantly,
these differences can be exposed with simple and interpretable tests. Our findings provide a stronger
test of brain-model correspondence and highlight the importance of comparing the full structure of
category-selective responses rather than category preference alone.

Correspondence: ratan@gatech.edu

1

mailto:ratan@gatech.edu


1 Introduction

Few �ndings in cognitive neuroscience are as robust or in�uential as category-selective responses in high-level
visual cortex. Regions like the fusiform face area (FFA) [1�3], extrastriate body area (EBA) [4, 5], and
parahippocampal place area (PPA) [6�8] respond maximally to faces, bodies, and scenes respectively and
have shaped how we think about brain organization, development, and evolution [9�23]. Intriguingly, arti�cial
neural networks (ANNs) trained on a wide variety of tasks also develop category-selective units that respond
more strongly to faces, bodies, and scenes than to other categories [24�38]. This parallel has led to the
suggestion that ANNs may capture the fundamental computational principles underlying visual category
selectivity. But this conclusion assumes that the category-selective units in ANNs re�ect the same underlying
mechanisms and features found in the brain. In this study, we distinguish between the mere presence of
category-selective units in ANNs and the form of category selectivity they exhibit, and show that category
selectivity that develops in ANN units is di�erent from the selectivity observed in human category-selective
brain regions.

Figure 1 Conceptual framework, questions, and possibility space.
a. Motivating conceptual framework: The gray blob represents the space of response pro�les satisfying the minimal
criterion for face selectivity (faces � other categories). Gray and black dots illustrate some sampled face-selective
response pro�les within the space. Barplots show schematic category-averaged responses for faces (F), bodies (B),
scenes (S), and objects (O); faces in red. Many di�erent response pro�les can satisfy the minimal de�nition of face
selectivity (faces � other categories).
b. Schematic illustrating the two central questions explored in this study. Left, possible patterns of category selectivity
across humans. Right, possible relationships between category selectivity in humans (red) and ANNs (blue).

The central challenge in interpreting category selectivity is that the standard de�nition of selectivity is
underconstrained. A voxel in the brain (or unit in an ANN model) is typically deemed, say, face-selective if it
responds more to faces than to other categories. But as shown inFig 1a, this minimal criterion admits a wide
range of response pro�les. For example, both a voxel that responds exclusively to faces and one that responds
broadly but slightly more to faces would qualify as face-selective. In fact, there existin�nitely many response
patterns that can be deemed face-selective (illustrated as the blob inFig 1a). This �exibility in de�nition
invites a subtle but consequential cognitive bias [39, 40]. Once a voxel or unit is labeled �face-selective�, we
are inclined to group such units as conceptually similar to the brain, implicitly assuming that they instantiate
a common representational principle. But without carefully examining the full range of the response pro�le
and comparing against the pro�le observed in brains, we cannot know whether observed selectivity in ANNs
is truly brain-like.

This framing leads naturally to two core questions that motivate this study ( Fig. 1b). First (Q1), how consistent
are category-selective response pro�les across individuals? If human selectivity patterns vary substantially
across people, then the question of comparing any model to a single canonical pattern would itself be ill-posed.
Q1 therefore contrasts two possibilities: either selectivity pro�les in human category-selective regions are
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highly idiosyncratic across people, or they are systematic enough to de�ne a stable population-level reference
(Fig 1b, left ). Second (Q2), do ANN units exhibit the same kind of category-selective response pro�les as brain
voxels in category-selective regions? Q2 thus contrasts two possibilities: One possibility is that brains and
ANN units di�er in their selectivity pro�les despite both being deemed category-selective by the minimal
de�nition. The second possibility is that ANN-units mirror the structure of category selectivity observed in
the brain (Fig 1b, right ).

To answer these questions, we leveraged 7T fMRI data from the Natural Scenes Dataset [41], which provides
stimulus-level responses to thousands of natural images. Using these data, we asked whether category
selectivity is consistent across humans and whether category-selective units in ANNs exhibit the same form of
selectivity observed in the brain. To foreshadow our results, we found that the pattern of responses from
category-selective regions (FFA, EBA, PPA, and others) was highly consistent across humans. This similarity
provided a stable target to compare ANN representations. We then applied a localizer-based procedure
(like human fMRI) to ANN models and found that face-, body-, and scene-selective units emerge reliably
in trained, but not untrained, ANNs. Do these ANN units exhibit the same form of selectivity as human
category-selective regions? We found that they do not. Although category-selective ANN units preferred the
same category of images, their response patterns were reliably di�erent from those seen in human brains with
fMRI. These di�erences were robust to analysis choices and human-interpretable across models and reveal
distinct response signatures in brains and ANNs. Together, these �ndings reveal a dissociation between the
existence of category-selective units and the form of category selectivity they exhibit. This distinction shifts
the focus from whether category-selective units emerge to how category selectivity is represented, providing a
more quantitative framework for comparing biological and arti�cial visual systems.

2 Results

2.1 Category-selective units emerge in trained, but not untrained, ANNs

Do arti�cial neural networks (ANNs) contain face-, body-, and scene-selective units? For a balanced comparison
with brains, we subjected several pretrained ANNs to the same localizer images used to identify category-
selective regions in the human brain [42�46]. Speci�cally, we extracted ANN responses to a widely used fMRI
localizer [42] which has also been used in prior studies of category-selectivity in ANNs [24�31, 36]. This
dataset includes images of faces, bodies, scenes, objects, characters, and scrambled objects. To identify, say,
face-selective units, we looked for units whose response to faces was signi�cantly greater than to every other
category at a stringent statistical threshold (t > 7, two-sided p = 7 :17 � 10� 12, see Methods). Next, we
veri�ed the selectivity of the identi�ed units on an independent, publicly available stimulus set containing
faces, bodies, scenes, and objects [24]. The procedure is shown schematically inFig. 2a . The response pro�les
of the identi�ed category-selective units (in the representative layer, see Methods) for stimulus categories
in two representative ANN models (trained ResNet-50 ImageNet-1K and ViT-B/16 SigLIP2) are shown in
Fig. 2b, c . The mean response to the preferred category (gray bar) was signi�cantly higher than the response
to all non-preferred categories (one-sided Mann-Whitney U tests; allp < 0.0001). We repeated the same
analysis for 34 other pretrained ANN models (see Methods). These models span a range of architectures,
training datasets, learning objectives, and model sizes (seeSupplementary Table 1 for the full list). Here too,
the response to the preferred category was consistently and signi�cantly higher than for other categories
(one-sided Mann-Whitney U tests; all p < 0.05, Fig. S1) for all trained model architectures.

Next, we asked if untrained (randomly initialized) ANNs also contain category-selective units. Note that
our procedure of identifying category-selective ANN units is quite stringent and requires generalization to
an independent stimulus set (as in human fMRI). We evaluated 20 untrained (randomly initialized) model
instances (4 architectures� 5 seeds, seeSupplementary Table 2 for the full list) using the same procedure.
None of the untrained models met the criterion for category selectivity across faces, bodies, and scenes at
our originally de�ned statistical threshold ( t > 7, Fig. S2 ). Note that some category-selective units could be
detectable at lower selectivity thresholds (t > 3, two-sided p = 2 :82� 10� 3). But the selectivity of these units
did not consistently generalize to held-out stimuli (seeFig. 2c for an untrained AlexNet instance). These
�ndings are in contrast with some prior claims of selectivity in untrained models [25] and show that model
training is in fact essential for category selectivity in ANN units.
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Taken together, these results show that category-selective units emerge reliably across a wide range of trained,
but not untrained, ANN models. But the mere existence of category-selective ANN units that generalize to
held-out images does not guarantee that theform of selectivity that arises matches what is observed in the
human brain. We tested this next.

Figure 2 Trained, but not untrained, ANNs have reliable face-, body- and scene-selective units.
a Schematic of the procedure used to identify category-selective units in a given ANN. For a layer (gray square), we
apply a category-localizer [42] to identify candidate category-selective units, and validate their selectivity using an
independent set of face, body, scene, and object images [24].
b Responses of localized category-selective units (from fROI-corresponding layer,t > 7; see Methods) to independent
stimuli of faces (F), bodies (B), scenes (S), and objects (O). For all boxplots, the x-axis indicates the stimulus category,
and the y-axis shows the unit-averaged z-scored responses. The text indicates the number of category-selective
units localized. The �rst row is for a standard ANN model (ResNet-50 ImageNet-1K) and the second row is for
the best-performing model (ViT-B/16 SigLIP2, see Methods). The columns show responses of face-, body-, and
scene-selective units, respectively.
c Same asb (except that t-threshold was lowered to t > 3, see Methods) but for an untrained AlexNet instance (seed
= 5, see Methods).

2.2 Category selectivity in ANNs is distinct from category selectivity in human brains: evidence
from univariate measures

To meaningfully compare ANN selectivity to the brain, we needed to go beyond broad categories and
characterize the full stimulus-level response tuning across a range of images and establish how reproducible
those tuning patterns were across individuals (Q1,Fig. 1b). To address this question, we localized the
category-selective voxels in the brain and measured the noise-corrected similarity of univariate response
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