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Human vision is mediated by acomplexinterconnected network of cortical
brain areas that jointly represent visual information. Although these

areas are increasingly understood inisolation, their representational
relationships remain unclear. Here we developed relational neural
controland used it to investigate the representational relationships for
univariate and multivariate functional magnetic resonance imaging
(fMRI) responses of areas across the visual cortex. Through relational
neural control, we generated and explored in silico fMRI responses for
large numbers of images, discovering controlling images that align

or disentangle responses across areas, thus indicating their shared or
unique representational content. This revealed a typical network-level
configuration of representational relationships in which shared or unique
representational content varied on the basis of cortical distance, categorical
selectivity and position within the visual hierarchy. Closing the empirical
cycle, we validated the insilico discoveries onin vivo fMRI responses from
independent participants. Together, this reveals how visual areas jointly
represent the world as aninterconnected network.

Human vision is mediated by a complex interconnected network of
cortical areas thatjointly represent visual information'. The network
consists of hierarchies and loops, with each area distinctly responding
tovisual properties of incoming visual stimuli, resulting inidiosyncratic
representations of visual phenomena'® ™,

Over the past half century, taking an atomistic approach, neuro-
scientists have studied visual representations by characterizing each
area inisolation of other areas in a hypothesis-driven fashion using
small, limited sets of stimuli carefully chosen by the experimenter.
Seminal work in this spirit built the foundations of modern vision
neuroscience, from characterizing the role of primary visual cortex for
processing of oriented edges” to elucidating the role of higher-level
visual cortex for processing of complex visual categories such as faces,
places and objects’.

However, assessing areas one by one does not capture the visual
system as an interconnected network; it does not assess representa-
tional relationships between areas and thus remains silent about what

representational contentis shared between areas or unique to aspecific
area. While anatomical® and functional” connectivity research assess
the visual system at the network level, they miss what representational
content the network encodes. Compounding the situation, theories of
visual representations are based on sparse neural data for small sets
of experimenter-picked stimuli, risking to reproduce experimenter
biases while missing important neural signals that would be available
frombroad sampling.

Here, we addressed these challenges by developing relational
neural control (RNC) and used it to reveal representational relation-
ships between early-, mid- and high-level visual areas across the human
visual cortical network (thatis, visual areasone to four (V1,V2,V3,V4),
extrastriatebody area (EBA), fusiform face area (FFA), parahippocam-
pal place area (PPA) and retrosplenial cortex (RSC)). First, through
deep-neural-network-based encoding models'?°, RNC generated in
silico functional magnetic resonance imaging (fMRI) responses of these
areas for a larger set of naturalistic images than are available in vivo.
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Fig.1|RNC provides accurate and denoised in silico f/MRI responses for
thousands ofimages. a, Through encoding models, we generated in silico fMRI
responses to each of the 73,000 images and for each of the 8 participantsin the
NSD. We then compared these in silico responses with the in vivo fMRI responses
from the NSD. Photos from the COCO image dataset/Flickr®. b, Comparison of
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the number of image conditions presented to each participant, for the in silico
andin vivo fMRIresponses. ¢, Comparison of the number of image conditions
shared across participants, for the in silico and in vivo fMRI responses.

d, Comparison of insilico and in vivo fMRI response noise, in arbitrary units.

Thisinturnenabled the evaluation of alarger, more diverse and, thus,
less biased hypothesis space. Next, to uncover representational rela-
tionships, RNC selected controlling images aligning or disentangling
theinsilico fMRIresponses of the areas at both their univariate (that
is, voxel average)'**** and multivariate (that s, voxel population pat-
tern)**>**"% response level, under the assumption that alignment or
disentanglement are indicative of shared or unique representational
content, respectively. Finally, we validated our insilico findings in vivo
through new experiments on independent participants, thus closing
the empirical cycle and validating RNC as a powerful exploratory neural
control method to investigate representational relationships.

Results

RNC provides accurate and denoised in silico fMRI responses
for thousands of images

Using RCN, we determined representational relationships across visual
cortex, starting with human early- and mid-level visual cortical areas
(V1,V2,V3and V4).

The first step was creating high-quality in silico brain responses
for alarge set of visual stimuli (Fig. 1a). For this, we used the Natural
Scenes Dataset (NSD)?, a large-scale dataset of 7 T fMRI responses
from 8 participants who each viewed ca. 10,000 natural scenes, for a
total of 73,000 images across participants, with 1,000 images shared
across participants. We trained participant-specific encoding models
for areas V1 to V4, mapping image activations from a visual artificial
deep neural network onto voxel-wise fMRI responses (Extended Data
Figs.1and2a). Thetrained encoding models accurately predicted fMRI
responses not used for training, resulting in a participant-average
noise-ceiling-normalized explained variance score of 78.14% for V1,
72.54%forV2,65.07% for V3 and 53.29% for V4 (Extended Data Fig. 2b;
single-participant results shownin Extended Data Fig. 3a). We further
tested the robustness of the encoding models on NSD-synthetic?, the
NSD out-of-distribution companion dataset of fMRIresponses to artifi-
cialimages, obtaining a participant-average noise-ceiling-normalized
explained variance score of 60.72% for V1,52.22% for V2,46.75% for V3,
and 38.89% for V4 (Extended Data Fig. 3a). These results indicate that
thetrained encoding models generate reliable in silicofMRIresponses,
including forimages very different from the ones on which the models
were trained, therefore providing asolid foundation for insilico experi-
ments. Using the trained encoding models, we generated insilico fMRI
responses toall 73,000 NSD images for each of the 8 participants, thus
increasing the number of image-specific brain responses per partici-
pant by afactor of -7 (Fig. 1b).

This had three advantages. First, the large number of responses
allowed awider exploration than possible within vivo data, thus reduc-
ing experimental biases inherent in small datasets. Second, as the

in-silico-generated fMRIresponses for the whole 73,000 images were
present for all participants, this allowed more robust cross-participant
validation than would be possible using the in vivo responses to only
1,000 shared images from the NSD (Fig. 1c), thus reducing overfitting.
Finally, because neural noise is not predictable from the stimulus
images, encoding models modelled the signal- and not noise-related
variability of the neural response’®”, thus resulting in silico fMRI
responses less affected by noise compared with the NSD responses
(Fig. 1d; for the noise comparison, see Extended Data Fig. 2c,d).

Together, this provided the basis for revealing representational
relationships.

RNC controls insilico univariate fMRI responses across

early- and mid-level visual cortical areas

We began by investigating representational relationships for in silico
univariate fMRI responses (that is, the average activity over all vox-
els within an area), thus capturing visual information encoded in the
strongest activation trends common across voxels'*? %,

For each pairwise comparison of areas (V1versus V2, Vlversus V3,
V1versus V4, V2 versus V3, V2 versus V4, and V3 versus V4), we used
univariate RNC to search, across all 73,000 NSD images, for images
that would either align or disentangle (that is, control) the in silico
univariate fMRIresponses of the two areas being compared, thus indi-
cating shared or unique representational content, respectively. Align-
ment consisted in two neural control conditions where the univariate
responses of both areas were either driven or suppressed. Disentangle-
ment consisted intwo neural control conditions where the univariate
response of one area was driven while the response of the other area
suppressed, or vice versa (Fig. 2a; the univariate RNC algorithm is
visualized in Extended Data Fig. 4). To assess the success of the neural
control conditions, we compared them against a baseline of univariate
responses for a set of images selected without optimization. We used
cross-participant validation, thus ensuring generalization of results.

Through univariate RNC, we found images that significantly drove
and suppressed univariate responses of most pairwise comparisons
of areas (within-participant permutation test, one-sided, P < 0.05,
Benjamini-Hochberg corrected over eight tests for each pairwise
comparison of areas; population prevalence test, one-sided, P < 0.01,
indicating within-participant significance in atleast 3 out of 8 partici-
pants) (Fig. 2b, upper triangle of the results matrix). Thus, we success-
fully aligned or disentangled different areas at the univariate response
level. For each pairwise comparison of areas, we then visualized the in
silicofMRIresponse manifolds for all 73,000 images in univariate activ-
ity space and found their activation profiles to be highly correlated,
suggesting that a large portion of representational content is shared
across areas (Fig. 2b, lower triangle of the results matrix).
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Fig. 2| RNC controlsinsilico univariate fMRI responses across early- and
mid-level visual cortical areas. a, Univariate RNC neural control conditions.

b, Univariate RNC results for each pairwise comparison of areas, embeddedin a
four-by-four matrix. The upper triangle of the results matrix shows the univariate
responses for the controlling images against the baseline. Diamonds and squares
indicate the univariate responses of the areas indexed by the rows and columns
of the results matrix, respectively. Asterisks indicate neural control conditions
for which theinsilico univariate fMRI responses for the controlling images are
significantly different from baseline (within-participant permutation test, one-
sided, P < 0.05, Benjamini-Hochberg corrected over eight tests for each pairwise
comparison of areas; population prevalence test, one-sided, P < 0.01, indicating
within-participant significance in at least 3 out of 8 participants). The lower
triangle of the results matrix shows the univariate response image manifolds.
Coloured dots indicate in silico univariate fMRI responses averaged across the
controllingimages of each neural control condition, and small black points
indicate insilico univariate fMRI responses of all participants for all 73,000 NSD

images. Vertical and horizontal dashed lines indicate the participant-average
univariate response baseline for each area. ¢, Stepwise distances between areas.
d, Absolute difference between controlling and baseline image univariate
responses, averaged across all pairwise comparisons of areas with same stepwise
distance. Connectors between area distances indicate a significant increasing

or decreasing trend (within-participant permutation test, one-sided, P < 0.05,
Benjamini-Hochberg corrected over four tests; population prevalence test,
one-sided, P< 0.001, indicating within-participant significance in at least 4 out
of 8 participants). e, Correlation between univariate responses in two areas,
averaged across pairwise comparisons of areas with same stepwise distance.
Connectors between area distances indicate a significant decreasing trend
(within-participant permutation test, one-sided, P < 0.05; population prevalence
test, one-sided, P <1x 107, indicating within-participant significance in all

8 participants).Inb-e, opaque and transparent diamonds, squares and dots
represent participant-average and single participant results, respectively.

Error bars reflect 95% confidence intervals.

Visual areas V1 to V4 form a processing hierarchy in terms of
anatomical connectivity’, response latency® and the complexity of
stimulus properties maximally driving neural responses’. This sug-
geststhat disentanglement should increase and that alignment should

decrease withincreasing node distance across this hierarchy (Fig. 2c).
We confirmed this prediction. As the stepwise distance between two
areas increased, the absolute difference between the in silico uni-
variate fMRIresponsesin the disentangling control conditionand the
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baseline increased (within-participant permutation test, one-sided,
P <0.05, Benjamini-Hochberg corrected over four tests; population
prevalence test, one-sided, P < 0.001, indicating within-participant
significance in at least 4 out of 8 participants) (Fig. 2d, yellow and red
dots). Furthermore, the absolute distance between the univariate
responses in the alignment control condition suppressing both areas
(butnotdriving them) and the baseline decreased (within-participant
permutation test, one-sided, P < 0.05, Benjamini-Hochberg corrected
over four tests; population prevalence test, one-sided, P<1x107°,
indicating within-participant significance in 7 out of 8 participants)
(Fig. 2d, blue dots). This indicates that the univariate responses of
areasfurther away fromeach other wereless aligned and more strongly
disentangled. Strengthening this finding, as the stepwise distance
betweentwo areasincreased, the correlation between their univariate
responses decreased (within-participant permutation test, one-sided,
P<0.05; population prevalence test, one-sided, P<1x 107, indicating
within-participant significance in all 8 participants) (Fig. 2e).

Toascertain that the demonstrated representational relationships
reflect properties of visual processing, rather than biases of specific
datasets, we performed two tests. First, toensure that RNC’s solutions
are not biased by the visual distribution from which the controlling
images are selected, we applied univariate RNC on the in silico fMRI
responses for the 50,000 images from the ImageNet 2012 challenge
validationsplit*, and for the 26,107 images from the THINGS database*
(thatis, single objects presented centrally on natural backgrounds, as
opposed to the NSD’s complex natural scenes consisting of several or
no objects appearing at different locations). Second, to ensure that
RNC’ssolutions are not biased by the visual distribution of the encoding
models’ training data, we applied univariate RNC on the in silico fMRI
responses generated from encoding models trained on the Visual Illu-
sion Reconstruction (VIR) dataset® (that is, /MRIresponses for images
of diverse objects, natural scenes and materials). Both tests replicated
our previous findings (Supplementary Figs.1-3), demonstrating RNC’s
robustness and generalizability and indicating that its solutions truly
reflect properties of the brain.

Together, through univariate RNC we discovered controlling
images that align or disentangle the insilico univariate fMRIresponses
of multiple areas, revealing thatalarge portion of univariate responses
representational content is shared between areas and that unique
representational content increases as a function of cortical distance.

Spatial frequency and object-like shapes determine unique
representational content for V1and V4 insilico univariate fMRI
responses

To determine the visual features leading to aligned or disentangled
responses of different areas, we visualized the controllingimages that
aligned or disentangled their univariate responses. Here, we exempla-
rily focus on the V1 versus V4 comparison (Fig. 3a).

The controlling images driving V1 while suppressing V4
responses contained high-spatial-frequency backgrounds (for exam-
ple, green vegetation), whereas the controlling images driving V4
while suppressing V1 responses contained one or multiple objects
onalow-spatial-frequency background (for example, a plane on a sky
background). Controlling images driving or suppressing both areas
simultaneously were the logical combination thereof: high spatial
frequency and objects were present in controlling images driving
the response of both areas (for example, warm-colour cluttered food
items), whereas they were lacking in controlling images suppressing
theresponse of both areas (for example, empty skies). As expected, we
discerned no consistent visual patterns in the baseline images. When
using alternative distributions of images and of encoding model train-
ing data, the resulting controlling images also consisted of combina-
tions of high spatial frequencies and objects (Supplementary Figs.1-3).
However, they did not always contain green vegetation, planes on a
sky background or warm-colour cluttered food items (as was the case

with the NSD images in Fig. 3a), suggesting that these visual categories
correlate with, but are not, the visual features controlling univariate
responses. This showed, through large-scale exploratory analysis using
naturalisticimages from diverse image sets, that V1is uniquely tuned
to high-spatial-frequency content***, whereas V4 is uniquely tuned
to object-like shapes™.

Naturalisticimages are complex combinations of multiple visual
features, making it challenging to isolate, by mere visual inspection,
thefeaturesleadingto aligned or disentangled responses across areas.
To further isolate the relevant visual features, we generated de novo
controlling images that controlled univariate responses, while being
as simple as possible. To this end, we combined RNC with an image
generator” and genetic optimization®** toiteratively generate images
following two serial objectives. The first objective, active throughout
the entire optimization procedure, was to generate images controlling
(that is, driving or suppressing) in silico univariate fMRI responses
of V1 and V4 up to a threshold. Once this threshold was reached, the
second objective became activated, which was to lower image com-
plexity as measured by the images’ portable network graphics (PNG)
compression file size**, while at the same time keeping the univariate
responses above threshold. This promoted the generation of control-
lingimages (first objective) containing only the visual features strictly
necessary to align or disentangle in silico univariate fMRI responses
(second objective) (Fig. 3b; the generative univariate RNC algorithm
is visualized in Extended Data Fig. 5; for a fine-grained progression of
images across generations, see Supplementary Fig. 4). For each neural
control condition, we rantenindependent evolutions, resultingin ten
genetically optimized images for each condition.

Inspection of the genetically optimized images converged with
the insights previously gained by naturalistic images. The genetically
optimized images driving V1 while suppressing V4 consisted of a uni-
form high-spatial-frequency pattern, whereas the images driving V4
while suppressing V1 consisted of multiple small object-like shapes on
auniformbackground. Theimages driving or suppressing both areas
were again logical combinations of the previous cases: the images
driving both areas consisted of many small object-like shapes clustered
together, and theimages suppressing both areas consisted of a uniform
white background. The fact that all ten generated images within each
neural control condition were strikingly similar to each otherindicates
that these controlling visual features are the ones optimally aligning or
disentangling V1and V4. Further supporting this, generating images
without theimage complexity constraint led toimages that, albeit visu-
ally more complex, still contained the same controlling visual features
(Supplementary Fig. 5).

Together, this shows that high spatial frequencies and object-like
shapesare the visual features leading to unique representational con-
tent for V1and V4 insilico univariate fMRIresponses.

RNC controls in silico multivariate fMRI responses across
early- and mid-level visual cortical areas

We next used RNCto reveal the representational relationships for visual
information encoded inin silico multivariate fMRI responses (that is,
the population response patterns over all voxels within an area, rather
than averaged voxel responses)*->**72,

To controlinsilico multivariate fMRIresponses across areas, their
response patterns must be directly comparable to each other. We thus
transformed response patterns into representational similarity matri-
ces (RSMs), capturing the representational geometry of each areain
a common format®. For each pairwise comparison of areas, we used
multivariate RNC and genetic optimization®****>**to search, across all
73,000 NSD images, for controlling image batches that would either
align or disentangle the RSMs of the two areas being compared. Align-
ment consisted in an image batch leading to a high representational
similarity analysis (RSA)* correlation score (that is, Pearson’s r) for
the RSMs of the two areas. Disentanglement consisted in an image
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Fig. 3| Spatial frequency and object-like shapes determine unique
representational content for V1and V4 insilico univariate fMRI responses.

a, Vlversus V4 neural control scores and controlling or baseline images obtained
by applying univariate RNC jointly on the in silico fMRIresponses of all

8 participants for the 73,000 NSD images. Photos from the COCO image dataset/
Flickr®. b, Results of ten independent generative univariate RNC evolutions
usingin silico fMRIresponses averaged across all eight participants. For each
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neural control condition, the plots show the in silico univariate fMRI responses
(represented by coloured lines) and the PNG compression file size (represented
by black lines) for the best generated image of each genetic algorithm
generation, averaged across the ten evolutions. The vertical dashed lines indicate
the generation where the univariate response threshold is reached (also averaged
across evolutions), after which the PNG compression file size starts decreasing.
Ontop of each plot are the optimized images from the ten evolutions.

batch leading to a low absolute RSA correlation score for the RSMs
of the two areas (Fig. 4a; the multivariate RNC algorithm is visualized
in Extended Data Fig. 6). The results were cross-participant validated
and compared with abaseline RSM defined on animage batch selected
without optimization.

Through multivariate RNC, we found controlling image batches
that significantly aligned or disentangled the RSMs of all pairwise
comparisons of areas (within-participant permutation test, one-sided,
P <0.05,Benjamini-Hochberg corrected over two tests for each pair-
wise comparison of areas; population prevalence test, one-sided,
P<1x107° indicating within-participant significance in at least 7 out
of 8 participants) (Fig. 4b; for the genetic optimization curves, see
Supplementary Fig. 6). Thus, we successfully aligned or disentangled
different areas at the multivariate response level.

Here, too, we tested whether alignment of multivariate responses
decreases, and disentanglement increases, with increasing node dis-
tance across the visual processing hierarchy (Fig. 4c). The RSA scores
for the disentangling and baseline images decreased as the stepwise
distance between two areas increased (within-participant permuta-
tion test, one-sided, P < 0.05, Benjamini-Hochberg corrected over
three tests; population prevalence test, one-sided, P< 1075, indicating

within-participant significance in at least 5 out of 8 participants), but
the RSA scores for the aligning images did not decrease, probably due
to a ceiling effect (Fig. 4d). Thus, the multivariate responses of areas
further away from each other were more strongly disentangled.

We verified the generalizability of these representational relation-
ships, observing quantitatively similar results when using alternative
distributions of images and of encoding model training data (Sup-
plementary Figs.7-9).

Together, through multivariate RNC we discovered control-
ling images that align or disentangle the in silico multivariate fMRI
responses of multiple areas, revealing that, while a large portion of
representational content is shared between multivariate responses
across visual areas, unique representational content increases as a
function of cortical distance.

Shared representational content for V1and V4 in silico
multivariate fMRI responses stems from similar retinotopic
properties

Whichvisual features underlie the representational relationships cap-
tured in multivariate responses? Here, we focus on the V1 versus V4
comparison (Fig. 5a).
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b, Multivariate RNC results, consisting of RSA scores (Pearson’s r) for each
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for which the RSA scores from the controlling images are significantly higher
(alignment) or lower (disentanglement) than baseline (within-participant
permutation test, one-sided, P < 0.05, Benjamini-Hochberg corrected over
two tests for each pairwise comparison of areas; population prevalence test,
one-sided, P<1x 107’ indicating within-participant significance in at least 7

out of 8 participants). ¢, Stepwise distances between areas. d, Multivariate RNC
RSA scores, averaged across pairwise comparisons of areas with same stepwise
distance. Connectors between area distances indicate a significant decreasing
trend (within-participant permutation test, one-sided, P < 0.05, Benjamini—
Hochberg corrected over three tests; population prevalence test, one-sided,

P <1x107, indicating within-participant significance in at least 5 out of

8 participants).Inb-d, opaque and transparent dots represent participant-
average and single-participant results, respectively. Error bars reflect 95%
confidenceintervals.

The aligningimages often contained uniformportions (thatis, the
sky on their upper half), whereas the disentanglingimages did not, and
thebaselineimages did but to alesser extent (Fig. 5a). This was also the
case when using alternative distributions of images and of encoding
model training data (Supplementary Figs. 7-9).

To understand the effect ofimage properties on the multivariate
RNC scores, we visually inspected the V1 and V4 RSMs in conjunction
with the controllingimages (Fig. 5b). For both areas, RSM entries com-
paring differentimages including the sky in their upper halfindicated
highly positive correlations, while RSM entries comparing images with
and without the sky in the upper halfindicated highly negative corre-
lations (Fig. 5c and Extended Data Fig. 7a). This similar combination
of highly positive and negative correlation RSM entries led to a high
RSA correlation score for V1 and V4 and, thus, to alignment. Mean-
while, uponvisualinspection, the V1and V4 RSMs for the disentangling
images contained correlation scores of lower absolute magnitude and
did not reveal common visual patterns (Fig. 5b).

Combiningtheinsights gained frominspecting controllingimages
and RSMs, we stipulated that retinotopic organization determines
neural alignment**: uniform regions on aspatially constrained portion
of the image will lead to suppressed responses for V1 and V4 voxels
tuned to the corresponding portion of the visual field, in turn leading
to aligned RSMs for the two areas.

We tested this hypothesis by comparing the V1 and V4 univari-
ate responses of voxels tuned to the upper and lower portion of the
visual field, for aligning images including uniform regions (that s,
the sky) intheir upper half. As predicted, for both areas, the univariate

response of voxels was lower for the upper than for the lower visual
field (within-participant permutation test, one-sided, P < 0.05,
Benjamini-Hochberg corrected over two tests for each area; population
prevalence test, one-sided, P <1x 107, indicating within-participant
significance in at least 5 out of 8 participants) (Fig. 5d), explaining
why RSM entries comparing different images including the sky in
their upper half resulted in highly positive correlations (Extended
Data Fig. 7b). We observed the opposite pattern when comparing
voxel responses for aligning images not including the sky in their
upper half (within-participant permutation test, one-sided, P < 0.05,
Benjamini-Hochberg corrected over two tests for each area; population
prevalence test, one-sided, P<1x107?, indicating within-participant
significancein atleast 7 out of 8 participants) (Fig. 5d), explaining why
RSM entries comparing images with and without the sky in the upper
halfresulted in highly negative correlations (Extended Data Fig. 7b).

Together, these results point to common retinotopic properties
as a source of shared representational content in V1 and V4 in silico
multivariate fMRI responses.

RNC controls insilico univariate and multivariate fMRI
responses across high-level visual cortical areas

Next, we extended RNC from early- and mid- to high-level visual areas.
Using NSD, we trained encoding models of high-level visual areas that
play akey role in the representation of bodies (EBA*), faces (FFA*®)
and scenes (PPA*®) and in visual navigation (RSC*) (encoding accu-
racies are shown in Extended Data Fig. 3a). Through RNC, we found
controlling images that successfully aligned or disentangled both
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fMRI responses stems from similar retinotopic properties. a, V1 versus V4
neural control scores and controlling or baseline images obtained by applying
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for the 73,000 NSD images. b, V1 and V4 participant-average RSMs for the
multivariate RNC aligning and disentangling images. ¢, V1and V4 aligning image
RSM mean Pearson’s r scores across all comparisons of two sky images, two no
sky images, or sky and no sky images, for the 8 participants.d, V1and V4 mean
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the sky in their upper half, divided into voxels tuned to the lower and upper
partof the visual field. Asterisks indicate a significant difference between the
univariate responses of voxels tuned to the lower and upper part of the visual
field (within-participant permutation test, one-sided, P < 0.05, Benjamini-
Hochberg corrected over two tests for each area; population prevalence test,
one-sided, P<1x 1075, indicating within-participant significance in at least 5 out
of 8 participants). Incand d, opaque and transparent dots represent participant-
average and single-participant results, respectively. Error bars reflect 95%
confidence intervals. Photos from the COCO image dataset/Flickr®.

univariate (Fig. 6a) and multivariate (Fig. 6b) in silico fMRI responses
for the 73,000 NSD images generated through these encoding
models (within-participant permutation test, one-sided, P < 0.05,
Benjamini-Hochberg corrected over eight or two tests for each uni-
variate or multivariate RNC pairwise comparison of areas, respec-
tively; population prevalence test, one-sided, P < 0.01, indicating
within-participant significance in at least 3 out of 8 participants)
(RNCresults forinteractions between early-, mid- and high-level visual
areas are shown in Supplementary Figs.10-12). Thus, we successfully
aligned or disentangled different high-level visual cortical areas at the
univariate and multivariate response levels.

EBA, FFA, PPA and RSC fall within two broader groups of cat-
egorical selectivity: animate objects (EBA and FFA) and scenes (PPA
and RSC). This suggests that alignment should be higher and disen-
tanglement lower for within-group areas than for between-group
areas (Fig. 6¢). We confirmed this prediction. For univariate RNC, the
absolute difference between the in silico univariate fMRI responses
inthe control conditions and the baseline was larger for within-group
areasinthe case of alignment (Fig. 6d, green and blue dots) and larger
for between-group areas in the case of disentanglement (Fig. 6d,
yellow and red dots) (within-participant permutation test, one-sided,
P <0.05,Benjamini-Hochberg corrected over four tests; population
prevalence test, one-sided, P< 0.001, indicating within-participant
significance in at least 4 out of 8 participants). This indicates that

the responses of within-group areas were more aligned and less
disentangled, compared with between-group areas. Strengthening
this finding, the univariate responses of within-group areas were
strongly correlated, whereas the responses of between-group areas
were anticorrelated (Fig. 6a, lower triangle of the results matrix).
Similarly, for multivariate RNC, the RSA scores for the aligning, dis-
entangling and baseline images were higher for within-group areas
(Fig. 6e) (within-participant permutation test, one-sided, P < 0.05,
Benjamini-Hochberg corrected over three tests; population
prevalence test, one-sided, P < 0.01, indicating within-participant
significance in at least 3 out of 8 participants). We observed quanti-
tatively similar results when using alternative distributions of images
(Supplementary Figs.13 and 14).

Together, through RNC we discovered controlling images that
align or disentangle the in silico univariate and multivariate fMRI
responses of high-level visual areas. This demonstrated RNC’s appli-
cability across the visual cortical network and revealed that shared
representational content s higher and unique representational content
is lower for high-level visual areas with similar categorical selectivity.

Representational relationships between visual areas
adaptively vary around a typical network-level configuration
Vision is enabled by a complex interconnected network of cortical
areas that jointly represent visual information. Thus, we next moved
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Fig. 6 | RNC controlsinsilico univariate and multivariate fMRI responses
across high-level visual cortical areas. a, Univariate RNC results for each
pairwise comparison of areas, embedded in a four-by-four matrix. The upper
triangle of the results matrix shows the univariate responses for the controlling
images against the baseline. Diamonds and squares indicate the univariate
responses of the areas indexed by the rows and columns of the results matrix,
respectively. Asterisks indicate neural control conditions for which the in

silico univariate fMRIresponses for the controlling images are significantly
different from baseline (within-participant permutation test, one-sided, P < 0.05,
Benjamini-Hochberg corrected over eight tests for each pairwise comparison
of areas; population prevalence test, one-sided, P < 0.01, indicating within-
participant significance in at least 3 out of 8 participants). The lower triangle of
the results matrix shows the univariate response image manifolds. Coloured
dotsindicateinsilico univariate fMRI responses averaged across the controlling
images of each neural control condition, and small black points indicate in
silico univariate fMRI responses of all participants for all 73,000 NSD images.
Vertical and horizontal dashed lines indicate the participant-average univariate
response baseline for each area. b, Multivariate RNC results, consisting of RSA
scores (Pearson’s r) for each pairwise comparison of areas. Asterisks indicate
neural control conditions for which the RSA scores from the controlling images

aressignificantly higher (alignment) or lower (disentanglement) than baseline
(within-participant permutation test, one-sided, P < 0.05, Benjamini-Hochberg
corrected over two tests for each pairwise comparison of areas; population
prevalence test, one-sided, P<1x107%, indicating within-participant significance
inatleast 7 out of 8 participants). ¢, Categorical selectivity groups. Solid

and dashed lines represent within- and between-group area comparisons,
respectively. d, Absolute difference between controlling and baseline

image univariate responses, averaged across within- or between-group area
comparisons. Connectors indicate significant differences (within-participant
permutation test, one-sided, P < 0.05, Benjamini-Hochberg corrected over

four tests; population prevalence test, one-sided, P < 0.001, indicating within-
participant significance in at least 4 out of 8 participants). e, Multivariate RNC
RSA scores, averaged across within- or between-group area comparisons.
Connectorsindicate significant differences (within-participant permutation test,
one-sided, P< 0.05, Benjamini-Hochberg corrected over three tests; population
prevalence test, one-sided, P < 0.01, indicating within-participant significance
inatleast 3 out of 8 participants). Ina-e, opaque and transparent diamonds,
squares and dots represent participant-average and single-participant results,
respectively. Error bars reflect 95% confidence intervals.
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Fig.7 | Representational relationships between visual areas adaptively vary
around a typical network-level configuration. a, MDS embeddings of the in
silico univariate fMRI responses of early-, mid- and high-level visual areas for
all 73,000 NSD images, indicating the typical representational relationship
configuration of the visual cortical network. b, MDS embeddings of the in silico
multivariate fMRI responses for all 73,000 NSD images, indicating the typical
representational relationship configuration of the visual cortical network.

¢, MDS embeddings of the in silico multivariate fMRI responses for the
controlling images from two multivariate RNC control conditions: images
aligning EBA and RSC (purple condition) or disentangling PPA and RSC (orange
condition). d, MDS embeddings of the in silico univariate fMRI responses for

the controlling images from four univariate RNC control conditions: images
driving both FFA and RSC (green condition), suppressing both V1and PPA

(blue condition), driving EBA while suppressing FFA (yellow condition) or
suppressing V1while driving V2 (red condition). In a-d, the opaqueness of
thelines connecting each area reflects the proximity of these areas in two-
dimensional embedding space (more opaque lines indicate higher proximity;
we computed the opaqueness independently for each MDS plot, by normalizing
the corresponding pairwise area distances between 0.1 (almost transparent)
and 1(fully opaque)). A higher proximity between two areas indicates a stronger
resemblance of their representational content. Six representative images are
shown for each MDS analysis. Photos from the COCO image dataset/Flickr®.

to the network-level visualization of the representational relationships
discovered for individual pairwise comparisons of areas.

We first asked what the typical representational relationship
configuration of areas within the visual cortical network is. Using
multidimensional scaling (MDS)*, we reduced the dimensionality
of the participant-average in silico univariate or multivariate fMRI
responses for all 73,000 NSD images of early-, mid- and high-level
visual areas (V1,V2,V3,V4,EBA, FFA, PPA and RSC). Thisresulted in
two-dimensional embeddings where a higher proximity between two
areasreflects astronger resemblance of their representational con-
tent. For both univariate (Fig. 7a) and multivariate (Fig. 7b) in silico
fMRI responses, these embeddings revealed three network-level
properties that together defined a common, typical network-level
configuration: (1) that early-and mid-level visual areas’ proximity in
embedding space mirrors their cortical distance, further support-
ing that unique representational content increases as a function
of cortical distance; (2) that high-level visual areas cluster on the
basis of categorical selectivity for animate objects (EBA and FFA)
and scenes (PPA and RSC), further supporting that shared repre-
sentational content is higher and unique representational content
lower for areas with similar categorical selectivity; and (3) that

early- and mid-level visual areas are closer to each other than they
are to high-level visual areas, indicating an analogous relationship
for their representational content.

Visual stimulation continuously alters the representational con-
tentof visual areas, leading to reconfigurations of these areas’ represen-
tational relationships. Are these reconfigurationsrigidly preserving the
typical representational relationship configuration properties revealed
above, oris the visual cortical network flexibly spanning any configu-
ration? To assess this, we applied MDS on the in silico fMRI responses
for the aligning or disentangling images selected through RNC. The
controllingimages led to representational relationship configurations
that negated one and two, but not all three, properties, indicating that
representational relationships adaptively vary around their typical
configuration (Fig. 7c,d). As anillustrative example, the controlling
images suppressing V1while driving V2’s univariate responses moved
Vlcloserto V3thanto V2, thus negating the first property, and moved
Vi closer to EBA and FFA than to the other early- and mid-level visual
areas, thus negating the third property (Fig. 7d, red condition; the
representational relationship configurations for other RNC pairwise
area comparisons and control conditions are shown in Supplementary
Figs.15-18).
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Fig. 8|In-silico-discovered controlling images controlin vivo fMRI responses
ofindependent participants. a, We tested whether theimages controlling
univariate and multivariate in silico fMRI responses for the V1 versus V4
comparison generalized their control effect to in vivo fMRI responses of six new,
independent participants. Photos from the COCO image dataset/Flickr®.

b, Univariate RNCinsilico results. ¢, Multivariate RNCin silico results.

d, Univariate RNCin vivo results. Small black points indicate in vivo univariate
fMRIresponses of all participants for all V1 versus V4 univariate RNC controlling
images. e, Multivariate RNC in vivo results. In b-e, asterisks indicate a significant

conditions

effect of the controlling images with respect to baseline (within-participant
permutation test, one-sided, P < 0.05, Benjamini-Hochberg corrected over
eight or two tests for univariate or multivariate RNC respectively; population
prevalence test, one-sided, P <1x 107, indicating within-participant significance
inatleast4 out of 8 participants for the in silico results or 4 out of 6 participants
for thein vivo results). Opaque and transparent dots, diamonds and squares
represent participant-average and single-participant results, respectively. Error
barsreflect 95% confidence intervals.

Together, these results provide aunified picture of how visual areas
jointly represent the world as aninterconnected network. We showed
that representational relationships between visual areas adaptively
vary around atypical network-level configuration and that RNC enables
the exploration of the state space of possible network configurations.

In-silico-discovered controlling images control in vivo fMRI
responses of independent participants

Insilico discoveries empower and accelerate empirical research but do
notreplaceit; these discoveries need to be validated empirically. Thus,
we complemented the above results for areas V1 and V4—which were
cross-participantvalidated oninsilico fMRIresponses—with empirical
validation oninvivo fMRI responses.

We conducted anfMRIexperiment where we presented aninde-
pendent set of participants (n = 6) with the univariate and multivari-
ate RNC controlling images for the V1 versus V4 comparison (Fig. 8a;
for the experimental design, see Extended Data Fig. 8a). We defined
V1and V4 in the new participants using population receptive field
(pRF) mapping® (anillustration of the pRF experiment and the V1/
V4 delineations are shown in Extended Data Fig. 8b,c). We found
that the controllingimages aligned or disentangled both univariate
(Fig. 8d) and multivariate (Fig. 8e) responses of V1 and V4 in these
new participants, (within-participant permutation test, one-sided,
P <0.05,Benjamini-Hochberg corrected over eight or two tests for
univariate or multivariate RNC, respectively; population prevalence
test, one-sided, P<1x107, indicating within-participant signifi-
cance in at least 4 out of 6 participants), except for V4’s univariate
response in the univariate neural control condition suppressing V1
while driving V4.

The successful generalization to in vivo fMRI responses closed
the empirical cycle, confirming the in silico discoveries and validat-
ing RNC as anew exploratory neural control method for investigating
representational relationships.

Discussion

Weinvestigated representational relationships betweenearly-, mid-and
high-level visual areas of the human cortex using RNC. Through RNC,
we extensively explored in silico fMRI responses for a vast collection
of naturalistic images, finding controlling images that aligned or dis-
entangled univariate and multivariate in silico fMRI responses across
areas, thusindicating shared or unique representational content. Clos-
ing the empirical cycle, we validated the in silico discoveries oninvivo
fMRIresponses by presenting the controllingimages to independent
participants.

Representations are the key concept in theories of information
processing in visual cortex®' > and because visual processing is
supported by the concerted effort of multiple areas'®, understanding
how visual cortex works requires ajoint investigation of the represen-
tational relationships betweensuchareas. Thus, RNCinvites a perspec-
tive shift fromasking ‘What does each arearepresent?’ to asking ‘What
is the relationship between representations in different areas?’. RNC
answers the latter question by applying neural control******** jointly
tomultiple cortical areas, thus determining the causal role of specific
visual input to their representational relationships®**°. Hence, RNC
extends existing anatomical® and functional” connectivity research
assessing the brain as a complex interconnected network with the
concept of representation. Representations being the material of
information processing and transfer®>°', our results promote the
understanding of how perception and cognition emerge from the joint
interaction of the representational content of multiple cortical areas.

Through RNC, we successfully controlled univariate and multivari-
ate insilico fMRIresponses jointly for areas across the visual cortical
network. This confirmed representational properties known from
investigating these areas inisolation, for example, that V1is tuned to
high spatial frequencies®, that V4 is tuned to object-like shapes® and
thatboth areas are tuned to topological image properties**. Jointly con-
trolling multiple areas additionally revealed network-level properties
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of how these areas represent the visual world that are not available from
investigating them in isolation. First, that unique representational
content of early- and mid-level visual areas increases as a function of
cortical distance. This representational pattern probably reflects the
decreaseinanatomical connectivity withincreasing distance between
areas’, aswell as other gradual changes along the visual hierarchy such
asincreasing receptive field sizes®* and increasingly complex functional
specialization'. Second, that shared representational content is higher
and unique representational content is lower for high-level visual areas
with similar categorical selectivity. The successful disentanglement of
high-level visual areas with similar categorical selectivity (for example,
PPA and RSC®®) demonstrates that RNC is sensitive to fine-grained
representational differences. Furthermore, the successful control of
RSC-anareathat, beyond visual navigation, isalsoinvolved in memory
and planning®*—suggests that RNC could also reveal representational
relationships properties of more anterior areas that contribute to visual
processing, suchas ventrolateral prefrontal cortex®. Third, that early-
and mid-level visual areas are more similar to each other than they are
to high-level visual areas in terms of representational content. Finally,
that representational relationships between visual areas adaptively
vary around a typical configuration defined by the previous three
properties. Using RNC to jointly control all areas within the visual
cortical network—as opposed to pairwise comparisons of areas, as
done here—might reveal new representational relationship configu-
rations and properties. For instance, it might uncover configurations
that maximize the representational alignment of two areas and their
disentanglement fromall other areas, or representational relationships
that diverge considerably from the typical configuration.

RNC builds on recent innovations in neural control, a paradigm
used to find controlling stimuli that elicit a neural response state of
interest. To increase the solution space and allow rapid exploration,
the controlling stimuliare found using large amounts of in silico neural
responses generated by encoding models?***%" Next, to ensure that
the controlling stimuli truly elicit the neural response state of interest,
these stimuli are empirically validated onin vivo neural responses®***".
Finally, to elicit more complex neural response states of interest, mul-
tiple neurons or areas are jointly controlled””**. Building on these
innovations, RNC extends neural control research in two ways. First,
RNC uses neural control to enable a network-level characterization
of the representational relationships between visual cortical areas.
Second, to investigate representational relationships at multiple
brainresponse levels, RNCjointly applies neural control on univariate
and multivariate neural responses. We found that the visual features
aligning or disentangling the univariate responses of V1 and V4 (that
is, spatial frequency and object-like shapes) are different from the
ones aligning and disentangling their multivariate responses (that is,
topological image properties). Thus, the univariate and multivariate
response levels captured complementary aspects of representational
relationshipsbetween areas, suggesting that visual cortex multiplexes
diverse neural codes for visual information processing”™* and, in turn,
encouragingtheintegrated analysis of diverse neural response levels.

RNCembodies aresearch paradigm combining the advantages of
insilico neural response exploration withempirical validation of find-
ingsoninvivo neural responses®****"’% Insilico exploration takes the
power of recently emerging large-scale in vivo neural datasets**** "' to
thenextlevel.Invivo neural responses are available in limited numbers
and are expensive and slow to acquire. By contrast, after initial training
onaninvivodataset, encoding models cheaply and quickly generatein
silico neural responses to any amount and type of stimuli, thus allow-
ing large upscaling of the solution spaces on which to explore and test
scientific hypotheses. Moreover, encoding models generate in silico
neural responses that are less affected by noise compared withinvivo
responses, thus reducing the effect of noise on results®*’. Together,
this allows exploration of a much larger amount of stimuli and corre-
sponding neural responses, effectively reducing the risk of suboptimal

or biased findings deriving from smaller and noisier samples or from
experimenters’ hand-picked stimuli.

Thekey limitation of RNCliesin the component that empowersit:
the encoding models generating the in silico neural responses do not
predict all explainable neural signals, and their predictions general-
ize imperfectly beyond the distribution of the visual data they were
trained on. Thus, to ascertain the validity of our findings, we showed
that our encoding models achieved high prediction accuracies when
tested both in and out of distribution, and also that RNC’s solutions
are replicated when using alternative distributions of images and of
encoding model training data. Furthermore, the current push in the
development of more accurate and robust visual encoding models’ "
using large invivo datasets®”***° "' that also include out-of-distribution
components®***” promises increasingly accurate in silico neural
responses, in turn increasing the reliability of findings from experi-
mentation on computer-generated brain data.

The assumption of aligned or disentangled neural responses
indicating shared or unique representational content is not a given.
For example, for early- and mid-level visual areas, we found that the
assumption was correct for all multivariate RNC control conditions
and for the univariate RNC disentanglement conditions, but not for the
univariate RNC alignment conditions. There, the controlling images
aligning both V1and V4 univariate fMRIresponses consisted of the logi-
cal combination of the visual features disentangling them (that is, high
spatial frequency and objects), rather than of features for which the
two areas are not disentangled, as would be the case if the assumption
held. This might be why the absolute distance between the univariate
responsesinthe alignment control conditiondrivingboth areasand the
baseline did not decrease with cortical distance (Fig. 2d, green dots).
Together, this highlights a way to rigorously test the assumptions of
RNC. Furthermore, finding the assumption to be negated is in itself
scientifically interesting, as it reveals how either shared or unique
representational content can lead to aligned univariate responses.

When one or few of the multiple stimulus features dominate the
fMRI response magnitude, RNC primarily exploits these few features
to align or disentangle the fMRI responses of two areas, resulting in
images with few salient controlling visual features that are easier to
interpret. As an example, the V1 versus V4 controlling images from
the multivariate RNC alignment condition contained easily interpret-
ablevisual patterns, which indicated that the shared representational
content of these two areas’ multivariate fMRIresponses is dominated
byimage topological properties. When no stimulus feature dominates
the fMRIresponse magnitude, RNCinstead exploits multiple features,
resulting inimages with multiple controlling visual features that com-
plicateinterpretation. As an example, the multivariate RNC disentan-
gling images for the V1 versus V4 comparison did not reveal common
patterns upon visual inspection, which suggests that the unique rep-
resentational content of these two areas’ multivariate fMRI responses
is similarly determined by multiple non-dominating visual features.
Determining the non-dominating visual features might be possible
through RNC variants thatisolate each of them, for example, by using
parameterized artificial stimulifor targeted hypothesis testing.

Feedforward and feedback connections both shape the represen-
tational content of visual areas within the cortical visual hierarchy>’* 7,
Therefore, beyond feedforward processing'**°, shared and unique
representational content might also be influenced by visual stimula-
tion that either promotes (for example, with challenging stimuli’®*°)
or suppresses (for example, with visual masks® ) feedback from
higher areas to lower areas. Applying RNC on time-resolved magneto/
electroencephalography (M/EEG), electrocorticography (ECoC) or
electrophysiology data, or on cortical-layer resolved data®*, isaprom-
ising avenue to isolate the respective influence of feedforward and
feedback signalling on representational relationships.

Insummary, using RNC, we uncovered representational relation-
shipsbetween areas across the human visual cortex. This demonstrates
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the power of in silico exploration combined with in vivo validation to
reveal how human cortical areas, at the level of networks, collectively
represent the visual world.

Methods

Encoding models

The trained fMRI encoding models used to generate the in silico fMRI
responses are available as part of the Brain Encoding Response Genera-
tor (BERG) (https://github.com/gifale95/BERG). Below we describe how
these models were trained and tested.

Data. The encoding models were trained on the NSD¥, a large-scale
dataset of 7 T fMRI responses from 8 participants who each viewed up
t010,000 distinct colour images of natural scenes from the Common
Objectsin Context (COCO) dataset®. Out of these 10,000 images, 9,000
were participant unique (thatis, seen only by individual participants)
and 1,000 were shared (that is, seen by all participants). Each image
was presented up to three times, for a maximum of 30,000 trials per
participant.

The fMRI data consisted of NSD’s prepared fMRI responses in
participant-native volume space (‘funclpt8mm’) from betas version 3
(‘betas_fithrf_ GLMdenoise_RR’). To reduce session-specific noise, the
responses of each voxel were z-scored across all trials of every data
acquisition session. For model building, only voxels falling within
areas V1,V2, V3, V4, EBA, FFA, PPA and RSC were selected (using the
area definitions provided by NSD).

To prevent results being biased towards noisy voxels (that is,
voxels with low stimulus-related signal), for all subsequent analyses
we used only in silico fMRI responses for voxels with a noise ceiling
signal-to-noise ratio (NCSNR) above 0.5. The NCSNR is a measure of
stimulus-related signal in the fMRI responses, and its calculation is
detailed below. We based the voxel selection on the NCSNR scores
provided by the NSD data release. For the amount of retained voxels,
see Supplementary Tables1and 2.

For each participant, the images and corresponding fMRI
responses were split into training, validation and testing partitions. The
training partition consisted of the 9,000 participant-unique images.
The testing partition consisted of the 515/1,000 shared images that
were presented to all participants three times (to maximize the reli-
ability of the data on which the models were tested). The validation
partition consisted of the remaining 485/1,000 shared images that
were not presented to all participants three times.

Model architecture. Each encoding model predicted fMRIresponses
for multiple voxels (that s, all voxels of a specific participant and area)
and consisted of two components: afeature extractor shared acrossall
voxels, and one projection head for each voxel (Extended Data Fig. 1a).

The feature extractor is a multilayer feedforward convolutional
neural network called GNet” (Extended DataFig. 1b). Giving animage
asinputto GNet activatesits layers, resulting in multiple features maps
(that is, GNet’s representations of this image; Extended Data Fig. 1a).
The feature extractor’s weights are fully learned during model training,
based on the joint loss of all voxels.

The projection head of each voxel is a feature-weighted receptive
field that combines a spatial pooling field and feature weights**°.
The spatial pooling field determines the region of visual space (that
is, the GNet feature space that, due to the convolutional operations,
preserves the topology of visual space of the inputimages) that drives
voxel activity. After GNet’s feature maps are spatially pooled, they
are linearly combined by the feature weights, resulting in the voxel
response prediction (Extended Data Fig. 1a). Both the spatial pooling
field and feature weights are learned during model training, indepen-
dently for each voxel. This allows the empirical determination of the
optimal contribution of each model feature to each voxel based on
the training data—for example, by learning the optimal hierarchical

correspondence configuration between model layers and visual corti-
cal areas®”®s,

Model training. Separate encoding models were trained for each NSD
participantandarea(V1,V2,V3,V4,EBA, FFA,PPAand RSC), resultingin
8 participants x 8 areas = 64 encoding models. To reduce spurious sta-
tistical dependencies between theinsilico (that is, model-generated)
fMRIresponses from models of different participants and areas, each
model was trained starting from a different random initialization®.

Givenaninputimage, the encoding model’s objective was to mini-
mize the mean squared error between the predicted fMRI responses
(for all voxels of a given participant and area) and the corresponding
target fMRI responses. During training, the mean squared error loss
was backpropagated and the model weights updated (Extended Data
Fig. 2a). At each backpropagation step, the projection head weights
were only optimized on the basis of the loss of their corresponding
voxel, whereas the feature extractor weights were optimized on the
basis of the loss combined over all voxels. The models were trained
using single (thatis, not averaged) NSD trials.

Theencoding models’ weights were optimized on 75 epochs of the
training data partition using batch sizes of 128 images and Pytorch’s™
Adam optimizer with alearning rate of 0.001, a weight decay term of
0, betas coefficients of (0.9,0.999) and an eps term of 1 x 1078, The final
model weights were taken from the epoch that achieved the lowestloss
betweenthe predicted and target fMRIresponses, using the validation
data partition.

Model testing. We used the trained models to generate in silico fMRI
responses for the test data partition images and compared them with
the corresponding target responses, averaged across the three trials,
using Pearson’s correlation. We computed the correlation indepen-
dently for each voxel across the 515 test images, set negative correla-
tion coefficients to zero and squared the resulting scores to obtain
r*, the total variance explained by the models. We then divided the
r* score of each voxel with that voxel’s noise ceiling, resulting in the
noise-ceiling-normalized explained variance, ameasure that quantifies
the portion of the explainable variance that had been accounted for by
the models, given the noiseinthe data. We tested the models indepen-
dently for each voxel and participant, and then averaged the results
across voxels belonging to the same participant and area (Extended
DataFigs.2b and 3a).

Following the same procedure, we additionally tested the encod-
ing models’ out-of-distribution generalization performance on
NSD-synthetic?®. NSD-synthetic consists of an additional scan session
from the same eight NSD participants, during which fMRI responses
were measured to 284 carefully controlled synthetic (non-naturalistic)
stimuli. We used NSD-synthetic’s prepared fMRI responses in
participant-native volume space (‘funclpt8mm’) from betas version 3
(‘nsdsyntheticbetas_fithrf GLMdenoise_RR’).

Noise analysis. Because neural noiseis not predictable fromthe stimu-
lus images, encoding models model the signal- and not noise-related
variability of the neural response, thus resulting insilicofMRIresponses
less affected by noise compared to in vivo responses'®?. To establish
this empirically, we compared the noise of the in silico fMRIresponses
with the noise of the in vivo fMRIresponses from the NSD, by compar-
ing how much variance these two data types explained for a third,
independent split of the in vivo NSD responses. Because the in silico
fMRIresponses did not capture all signal variance in the NSD responses
(Extended DataFigs. 2b and 3a), the insilico fMRIresponses explaining
more variance than the in vivo NSD responses would be indicative of
the former being less affected by noise. We carried out the comparison
through three sets of predictions, using the in silico and the in vivo NSD
fMRIresponses for the 515 testimages (Extended Data Fig. 2c) and the
same noise-ceiling-normalized explained variance metric described
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in the ‘Model testing’ section. Each prediction involved explaining
in vivo single response trials from the NSD experiment with a differ-
ent predictor. In the first set of predictions, the predictor consisted
of one of the two remaining in vivo NSD experiment response trials.
We conducted six such predictions, such thateach of the threein vivo
NSD trials was used as the target to be explained and each of the two
remaining in vivo NSD trials was used as a predictor. We then averaged
the noise-ceiling-normalized explained variance scores from the six
different predictions. In the second set of predictions, the predictor
consisted of the average of the two remainingin vivo NSD experiment
response trials. We conducted three such predictions, each time using
oneofthethreeinvivo NSD trials as the target to be explained and the
average of the remaining two in vivo NSD trials as the predictor. We
then averaged the noise-ceiling-normalized explained variance scores
fromthe three different predictions. In the third set of predictions, the
predictor consisted of the in silico responses from the trained encod-
ing models. We repeated the prediction three times, each time using
oneofthethreeinvivoNSD trials as the target to be explained and the
corresponding in silico responses as the predictor. We averaged the
noise-ceiling-normalized explained variance scores from the three
different predictions. We carried out these comparisons independently
for each voxel and participant, and averaged the results across voxels
belongingto the same participantand area.

Noise ceiling derivation. We derived the noise ceiling of each voxel
fromits NCSNR score, provided by the NSD and computed on z-scored
fMRIbetas. For each voxel, the NCSNR quantified the ratio of the signal
standard deviation over the noise standard deviation

NCSNR = 2ol

noise

The noise standard deviation was obtained by calculating the
variance of the betas across the three presentations of each image
(using the unbiased estimator that normalizes by n — 1 where nis the
sample size), averaging this variance across images and then comput-
ing the square root of the result as follows:

Onoise = Vmean (Bg) ’

where g2 indicates the variance across the betas obtained for a given
image. Given that the variance of the z-scored betas is 1, the signal
standard deviation was estimated as

|1 - aﬁoise‘_p

6signa[ =
where||, indicates positive half-wave rectification. Finally, we used the
NCSNR scores to derive the noise ceiling (NC) of each voxel as

NCSNR?

NC =100 x —————,
NCSNR® + 2

where nindicates the number of trials that are averaged together. We
used n = 3when evaluating the encoding models against the NSD test
responses averaged across all three trials (Extended Data Figs. 2b and
3a), and n = 1 during the noise analysis, because there we considered
single trials as the target to be explained (Extended Data Fig. 2¢,d).

VIR dataset. To ascertain that RNC’s solutions reflect properties of
early- and mid-level visual areas, rather than biases of specific data-
sets, we additionally trained encoding models on the VIR dataset®,
fMRIresponses of 7 participants for 3,200 naturalisticimages divided
into 1,200 images of objects on natural backgrounds, 1,000 images
of natural scenes and 1,000 images of materials. Each of these images

was presented 5 times for 4 of the 7 participants (for a total of 16,000
trials per participant) and 2 times for the remaining 3 participants (for
atotal of 6,400 trials per participant). The fMRI data consisted of VIR’s
preprocessed fMRI responses in participant-native volume space, as
providedinthe datarelease. For model building, we selected voxels fall-
ingwithinareasV1,V2,V3and V4 (using the area definitions provided by
VIR). We computed the NCSNR and noise ceiling of each voxel following
the procedure described above and selected for further analyses only
voxels with NCSNR above 0.5. Because area V4 of VIR participant 4 did
not have voxels with NCSNR above 0.5, for this participantand areawe
instead lowered the NCSNR threshold to 0.4 (for theamount of retained
voxels, see Supplementary Table 3).

For each participant, we split theimages and corresponding fMRI
responsesinto training, validation and testing partitions. The training
partition consisted of 2,500/3,200 images (900 objects, 800 scenes
and 800 materials). The validation partition consisted of 350/3,200
images (150 objects, 100 scenes and 100 materials). The testing parti-
tion consisted of 350/3,200 images (150 objects, 100 scenes and 100
materials). Following the procedure described above, we used this data
to train and test separate encoding models for each VIR participant
and area, resulting in 7 participants x 4 areas = 28 encoding models.
We additionally tested the encoding models’ out-of-distribution gen-
eralization performance on fMRI responses from the same 7 VIR par-
ticipants for 38 artificially created visualiillusionimages (the encoding
accuracies are shown in Extended Data Fig. 3b).

Insilico fMRIresponse generation

We used the trained encoding models of each NSD participant and area
to generate in silico fMRI responses for the 73,000 images from NSD
(depicting complex natural scenes consisting of several or no objects
appearing at different locations), as well as for the 50,000 images
from theImageNet 2012 challenge validation split® and for the 26,107
images fromthe THINGS database™ (depicting single objects presented
centrally on natural backgrounds).

We used the trained encoding models of each VIR participantand
areato generate in silico fMRI responses for the 73,000 images from
NSD. Because VIR does not include EBA and RSC area definitions, we
did not use VIR for the RNC analyses on high-level visual areas.

Univariate RNC

The goal of univariate RNC was to search the 73,000 NSD images for
images that controlled (that is, aligned or disentangled) the in silico
univariate fMRIresponses—that s, averaged responses across all voxels
of agiven given area—of each pairwise comparison of areas.

Univariate RNC baseline. For each area, we randomly selected abatch
of 25 images (out of all 73,000 NSD images), fed them into the given
area’s encoding model and averaged the corresponding in silico uni-
variate fMRIresponses across the 25images, resultinginasingle score
corresponding to the mean fMRI response for that image batch. By
repeating this step 1 million times, we created the univariate RNC null
distribution and selected the 25images from the batch with scores clos-
estto the null distribution mean. The mean univariate response score
across these 25 images provided the area-wise univariate response
baseline against which we tested the neural control scores from the
controlling images selected through univariate RNC.

Univariate RNC algorithm. We fed the 73,000 NSD images to the
trained encoding models of two areas and averaged the resulting in
silicofMRIresponses across voxels, obtaining a one-dimensional uni-
variateresponse vector of length 73,000 for each of the two areas. We
then either summed (alignment) or subtracted (disentanglement) the
univariate response vectors of the two areas and ranked the resulting
sum or difference scores. Finally, we kept the 25 controlling images
that yielded the highest or lowest (depending on the neural control
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condition) scoresand, at the same time, resulted ininsilico univariate
fMRI responses higher or lower than the areas’ univariate response
baselines by amargin of at least 0.04.

This resulted in 4 sets of 25 controlling images, each set corre-
sponding to a different neural control condition. The controlling
images from the sum vector led to two neural control conditions in
whichthetwo areas have aligned univariate responses (thatis, images
that either drive or suppress the responses of both areas), whereas
the controlling images from the difference vector led to two neural
control conditionsinwhich the two areas have disentangled univariate
responses (that is, images that drive the responses of one area while
suppressing the responses of the other area, or vice versa) (the univari-
ate RNC algorithmiis visualized in Extended Data Fig. 4).

To ascertain that the resulting representational relationships
reflect properties of visual processing, rather than biases of specific
datasets, we additionally performed two tests. First, we applied uni-
variate RNC on the 50,000 ImageNet or 26,107 THINGS images and
correspondinginsilico fMRIresponses, generated through encoding
models trained on NSD. Second, we applied univariate RNC on the
73,000 NSDimages and correspondinginsilico fMRIresponses, gener-
ated through encoding models trained on VIR.

Participant-wise cross-validation. We used participant-wise
leave-one-out cross-validation to evaluate the univariate RNC solutions
(aswellas the baseline) by selecting the controllingimages based on the
insilico univariate fMRIresponses averaged across seven participants
and evaluating them on the in silico univariate fMRI responses of the
left-out participant. We repeated cross-validation for each unique
set of seven participants, resulting in eight cross-validated solutions.

Univariate RNC MDS analysis. We applied MDS* on the in silico uni-
variate fMRIresponses of eight early-, mid- and high-level visual areas
(V1,V2,V3,V4,EBA, FFA, PPA and RSC). We started by computing the
in silico fMRI univariate responses of each participant and area for N
images (where Ncorrespondstoall 73,000 NDS images, or tothe 25 con-
trollingimages from a chosen univariate RNC control condition). Next,
we averaged these univariate responses across participants, resulting
inanarray of shape (8 areas x Nimages). Finally, we reduced the dimen-
sionality of this array with MDS, resulting in a reduced array of shape
(8areas x 2 dimensions). We used scikit-learn’s” MDS implementation
with n_components =2, metric = True, n_init =10, max_iter =1,000,
verbose =0, eps = 0.001, n_jobs = None, dissimilarity = ‘euclidean’.

Generative univariate RNC. Generative univariate RNC used animage
generator and genetic optimization to generate stimulus images lead-
ingtoaligned or disentangled insilico univariate fMRIresponses for V1
and V4, while at the same time being as simple as possible, thusisolating
the controlling visual features of interest.

We began by creating 1,000 random latent vectors from a stand-
ard normal distribution (each vector being 4,096-dimensional). We
gave the latent vectors asinput to DeePSiM*¥, a pretrained generative
adversarial network, which used them to generate 1,000 images, and
clamped the outputimage pixel values to the valid red, green and blue
(RGB) range [0255]. We stored the PNG compression file sizes of these
images, as well as their latent vectors, for later use during the genetic
optimization.

We then fed the generated images to the V1 and V4 trained
encoding models of all participants and averaged the resulting in
silicofMRIresponses across both voxels and participants, obtaininga
one-dimensional univariate response vector of length 1,000, for both
V1 and V4. We stored the univariate responses of both areas for later
use during the genetic optimization. Depending on the univariate RNC
neural control condition being optimized, we then either summed or
subtracted the univariate response vectors of the two areas and stored
these sum or difference scores.

Next, we fed the latent vectors, the PNG compression file sizes,
the V1 and V4 univariate responses and the sum or difference scores
to a genetic optimization algorithm®**°, which used these inputs to
create a new generation of latent vectors. Optimization consisted of
two phases. At first, the objective of the genetic optimization was to
create new latent vectors leading to images more likely to result in
univariate responses closer to threshold level. Once the univariate
response threshold was reached, the objective switched to creating
new latent vectors leading to images more likely to have lower PNG
compression file sizes while at the same time keeping the univariate
responses above threshold.

Thisresulted in anew batch of 1,000 latent vectors, which we fed
to the generative adversarial network for the second optimization
generation, repeating the same steps. After 500 genetic optimization
generations, we obtained asingle image (that is, the best-performing
image from the last genetic optimization generation) that optimally
controlled univariate neural responses following one of four univariate
RNC neural control conditions, while at the same time being as simple
as possible (that is, having alow PNG compression file size). We opti-
mized theimages for the four neural control conditions independently
of eachother (the generative univariate RNC algorithm s visualized in
Extended Data Fig. 5).

For each neural control condition we ran ten independent evo-
lutions, each based on a different random seed. The random seed
determined theinitial latent vectors, as well as the new latent vectors
produced by the genetic optimization, resulting in ten genetically
optimized images for each control condition.

For eacharea, the univariate response threshold consisted in the
area’s univariate response baseline plus a margin of 0.6 (for control
conditions driving the area’sresponse) or —0.6 (for control conditions
suppressing the area’s response).

Genetic optimization algorithm. The genetic optimization assigned
aglobal score to each latent vector. If a latent vector led to univariate
responses below threshold level for at least one of the two areas, its
global score consisted in the corresponding sum or difference score,
plusalarge penalty (10'). If alatent vector led to univariate responses
above threshold level for both V1and V4, its global score consisted in
the PNG compression file size of the corresponding image. Because the
penalty value was constant, the global scores of several latent vectors
leading to below-threshold univariate responses were ranked on the
basis of the corresponding sum or difference scores of these vectors.
Thus, until the threshold was reached, the latent vectors were opti-
mized toresultinbetter sum or difference scores. Because the sumor
difference scores were based on the univariate responses, thisin turn
led to univariate responses progressively closer to threshold level.
Furthermore, because the penalty was always larger than the PNG file
sizes, the global scores of latent vectors leading to above-threshold
univariate responses always ranked better than the global scores of
latent vectors leading to below-threshold univariate responses. This
ensured that the optimization would favour latent vectors leading to
univariate responses above threshold.

We transformed the global scores of all latent vectors into prob-
abilities through z-scoring, scaling by a factor of 0.5 and passing the
resulting values through a softmax function. The genetic optimization
algorithmused these probabilities to create anew generation of latent
vectors, while balancing exploitation and exploration. Exploitation
involved keeping (untouched) the 250 latent vectors with the highest
probability scores (that s, the latent vectors leading to either univariate
responses closest to threshold or lowest PNG compression file sizes).
Exploration involved creating 750 new children latent vectors from
recombinations between two parent latent vectors from the current
generation, where the likelihood of each latent vector being a parent
was determined by its probability score. The two parents contributed
unevenly to any one child: 75% and 25% of the child latent vector came
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from the parent latent vector with the highest and lowest probability
scores, respectively. Finally, during recombination, each of the 4,096
components of a child latent vector had a 0.25 probability of being
mutated, with mutations drawn from a O-centred Gaussian with a
standard deviation of 0.75.

Multivariate RNC

The goal of multivariate RNC was to search the 73,000 NSD images for
images that controlled (that is, aligned or disentangled) the in silico
multivariate fMRIresponses—thatis, the population response pattern
of all voxels of a given area—of each pairwise comparison of areas.

Multivariate RNC baseline. For each pairwise comparison of areas,
we randomly selected a batch of 50 images (out of all 73,000 NSD
images), used the encoding models to generate the correspondingin
silicofMRIresponses, transformed these insilico responsesinto RSMs
and used RSA* to compare the RSMs of the two areas (using Pearson’s
correlation), resulting in one score for the image batch. By repeating
this step 1 million times, we created the multivariate RNC null distribu-
tion and selected the 50 images from the batch with scores closest to
the null distribution mean. The RSA score of these 50 images provided
the baseline against which we tested the neural control scores from
multivariate RNC.

Multivariate RNC algorithm. The multivariate RNC was based on a
genetic optimization®***>* that, through 2,000 generations, selected
imagesthat best aligned or disentangled the in silico multivariate fMRI
responses.

We started by creating 2,400 random batches of 50 images from
the 73,000 NSD images, with no repeating image within each batch.
We fed these image batches to the trained encoding models of two
given areas and transformed the resulting in silico fMRI responses
into RSMs*, resulting in one 50 x 50 image RSM for each of the 2,400
image batches and each of the two areas. We then compared the RSMs
of each image batch between the two areas using Pearson’s correla-
tion, obtained one correlation score (r) for each image batch and
ranked these correlation scores. To align the two areas, we kept the
200 image batches with the highest correlationscores (thatis,images
mostsimilarly represented by the two areas), whereas to disentangle
them, we kept the 200 image batches with lowest absolute correlation
scores (thatis, images most differently represented by the two areas).
Finally, we used these 200 highest- and lowest-ranked image batches as
inputto agenetic optimizationalgorithm, which used themto create
2,400 image batches, while balancing exploitation and exploration.
Exploitation involved creating five mutated versions for each of the
200 image batches. In each version, a different number of images
(1, 5,12, 25 and 38) was randomly replaced with other images out of
the 73,000 NSD images, while ensuring that noimage repeated within
the same batch. This increased the image batches to1,200 (200 best
batches +200 best batches x 5 mutated versions =1,200 batches).
Explorationinvolved creating another 1,200 new random batches that,
together withthe 1,200 batches from the exploitation step, amounted
to 2,400 batches of 50 images. During the second optimization gen-
eration, we once again fed these 2,400 image batches to the encoding
models and repeated the same steps.

Weran 2,000 genetic optimization generations and selected the
best-performingimage batch from the last generation. This resulted
in one of two sets of 50 controlling images, each set corresponding
to a different neural control condition (the image batches from the
two neural control conditions were optimized independently of each
other). The controllingimages from the ranked correlation vector led
to an alignment of multivariate responses in the two areas (that is,
images leading to high Pearson’s rscores for the two areas), whereas
the controlling images from the absolute ranked correlation vector
led to a disentanglement of multivariate responses in the two areas

(that is, images leading to low absolute Pearson’s r scores for the
two areas) (the multivariate RNC algorithmis visualized in Extended
DataFig. 6).

To ascertain that the resulting representational relationships
reflect properties of visual processing, rather than biases of specific
datasets, we additionally performed two tests. First, we applied mul-
tivariate RNC on the 50,000 ImageNet or 26,107 THINGS images and
correspondinginsilicofMRIresponses, generated through encoding
models trained on NSD. Second, we applied multivariate RNC on the
73,000 NSD images and correspondingin silico fMRIresponses, gener-
ated through encoding models trained on VIR.

Participant-wise cross-validation. We used participant-wise
leave-one-out cross-validation to evaluate the multivariate RNC solu-
tions (as well as the baseline) by selecting the controllingimages based
on the in silico fMRI RSMs averaged across seven participants and
evaluating them on the in silico fMRI RSM of the left-out participant.
Werepeated cross-validation for each unique set of seven participants,
resulting in eight cross-validated solutions.

Multivariate RNC MDS analysis. We applied MDS*® on the in silico
multivariate fMRI responses of eight early-, mid- and high-level
visual areas (V1, V2, V3, V4, EBA, FFA, PPA and RSC). We started by
computing the in silico fMRI RSMs of each participant and area
for Nimages (where N corresponds to all 73,000 NDS images, or to
the 50 controlling images from a chosen multivariate RNC control
condition). Next, we averaged these RSMs across participants and
vectorized the lower triangle entries of the averaged RSMs, result-
ing in an array of shape (8 areas x M RSM lower triangle entries).
Finally, we reduced the dimensionality of this array with MDS,
resulting in a reduced array of shape (8 areas x 2 dimensions). We
used scikit-learn’s” MDS implementation with n_components =2,
metric = True, n_init = 10, max_iter =1,000, verbose = 0, eps = 0.001,
n_jobs = None, dissimilarity = ‘euclidean’.

Definition of lower and upper visual field voxels. For area V1, we
selected voxels tuned to the lower and upper portions of the visual field
based on the V1d (that is, V1 dorsal) and V1v (that is, V1 ventral) NSD
delineations, respectively. For area V4, we used the polar angle maps
from the NSD pRF experiment to manually divide the area into voxels
tuned to the lower and upper portions of the visual field.

fMRI experiments

Participants. Six healthy adults (mean age 25.83 years, standard
deviation 4.67 years; 4 female, 2 male) participated; all had normal
or corrected-to-normal vision. No statistical methods were used to
predetermine sample sizes, but our sample sizes are similar to those
reported in previous publications® . All participants provided writ-
teninformed consent and received monetary reimbursement (at the
university rate of 12 euros per hour). Procedures were approved by the
ethical committee of the Department of Educationand Psychology at
Freie Universitit Berlin and were in accordance with the Declaration
of Helsinki.

Stimuli. During the fMRI experiments, we presented participants
with 150 images from the V1 versus V4 univariate RNC solutions
(25images from each of the two aligning conditions, 25 images from
each of the two disentangling conditions, 25 images from V1's baseline
and 25 images from V4’s baseline) (Fig. 3a) and 150 images from the
V1 versus V4 multivariate RNC solutions (50 images from aligning
condition, 50 images from disentangling condition and 50 images
from the baseline) (Fig. 5a). All images were sized 425 pixels x 425
pixels x 3 RGB channels.

To prevent confounds driven by luminance, we matched each
image’s mean luminance (that is, its luminance across all pixels) to
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the luminance of the stimulus presentation screen background (a
uniform grey screen with an RGB value of [127 127 127]), using the
‘ImageEnhance’ function from the Pillow Python package (https://
python-pillow.org/).

Experimental paradigm. Main experiment. Each participant under-
went two fMRI data collection sessions. Each session consisted of
multiple 4-s trials, where an image was presented for 2 s, followed by
2 s of grey screen interstimulus interval (Extended Data Fig. 8a). To
ensure that participants paid attention, we presented the RNC con-
trolling images within an orthogonal target detection task where we
asked participants to report, through abutton press, whenever a catch
image containing the fictional character Buzz Lightyear appeared on
the screen.

During the first session, we presented the 150 controllingimages
fromunivariate RNC, across 10 runs. Each run consisted of 109 4-s tri-
als: it started with 3 blank trials (that is, a grey screen where no image
was presented), continued with a pseudo-randomized order of 90
univariate RNC image trials, 8 blank trials and 4 catch trials (that is,
images containing Buzz Lightyear) and ended with 4 blank trials. Across
all 10 runs, this resulted in 6 presentation repeats for each of the 150
univariate RNC controlling images.

During the second session, we presented the 150 control-
ling images from multivariate RNC, across 12 runs. Each run con-
sisted of 121 4-s trials: it started with 3 blank trials, continued with a
pseudo-randomized order of 100 multivariate RNC image trials, 9 blank
trialsand 5 catch trials (that is, images containing Buzz Lightyear) and
ended with4 blank trials. Across all12 runs, thisresulted in 8 presenta-
tionrepeats for each of the 150 multivariate RNC controlling images.

All images were presented centrally, with a horizontal and verti-
cal visual angle of 8.4°, against a grey background with an RGB value
of[127,127,127]. A small semitransparent red fixation dot with ablack
border (0.2° x 0.2°,50% opacity) was present at the centre of the images
throughout the entirety of both sessions, and we asked participants to
maintain central fixation throughout the experiment. We controlled
stimulus presentation using the Psychtoolbox®? and recorded fMRI
responses during both experimental sessions.

DPRF experiment. We ran the ‘multibar’ pRF experiment used in the NSD?,
whichis anadaptation of the pRF experiment used in the Human Con-
nectome Project 7 T Retinotopy Dataset*’. Stimuli consisted of slowly
moving apertures filled with a dynamic colourful texture and involved
bars sweeping in multiple directions (same as RETBAR in the Human
Connectome Project 7 T Retinotopy Dataset) (Extended Data Fig. 8b).
Apertures and textures were updated at arate of 16 Hz. Stimuli filled a
circular region with diameter 12°. Each run lasted 300 s and included
blank periods. Throughout stimulus presentation, asmall semitrans-
parentdot (with diameter 0.2°) was present at the centre of the stimuli.
The colour of the central dot switched randomly to one of three col-
ours (black, white or red) every 1-5 s. Participants were instructed to
maintain fixation on the dot and to press a button whenever the dot
changed colour. To further aid fixation, a semitransparent fixation
grid was superimposed on the stimuli and was present throughout the
experiment®®. For each participant, we collected three runs of the pRF
experiment, at the beginning of the first f/MRI session.

fMRI. Acquisition. We collected MRI data using a Siemens Magnetom
Prisma Fit 3 T system (Siemens Medical Solutions) with a 64-channel
head coil.

Anatomical scans were acquired during each recording session
using astandard T1-weighted sequence (repetitiontime (TR) 1.9 s,echo
time (TE) 3.22 ms, number of slices 176, field of view (FOV) 225 mm,
voxel size 1.0 mmisotropic, flip angle 8°).

Functionalimages were acquired using gradient-echo echo planar
imaging (EPI) at2.5-mmisotropic resolution with partial brain coverage

(TR1s, TE 33 ms, number of axial slices 39, matrix size 82 x 82, FOV
205 mm, flip angle 70°, acquisition order interleaved, interslice gap
0.25 mm, multibandslice accelerationfactor 3). Theacquisition volume
fully covered the occipital lobe.

Dual-echo field maps were acquired during each recording session
(TRO.4 s, TE;4.92 ms, TE, 7.38 ms, number of slices 38, voxel size 3 mm
isotropic, matrix size 66 x 66, FOV 198 mm, flip angle 60°).

Preprocessing. We preprocessed the fMRI data using SPM12 (https://
www.fil.ion.ucl.ac.uk/spm/software/spm12/). Preprocessing steps
included realigning all functional images to the first image of each
run, slice-time correction, field map correction and co-registeration
of the functional images to the anatomical image of the first record-
ing session.

PRF mapping. The pRF mapping analysis was run using the prf-workflow
package (https://github.com/mayajas/prf-workflow), with the
model fitting done with the pRFpy package (v0.1.0; https://github.
com/VU-Cog-Sci/prfpy). The preprocessed functional data of the
three pRF runs were projected to the Freesurfer reconstruction
of the white matter cortical surface of the given participant. The
surface-projected signals at each surface mesh vertex were detrended
to account for linear drifts, bandpass filtered (0.01-0.1 Hz) and
z-scored over time. The signals from the three pRF runs were then
averaged together. We fit an isotropic two-dimensional Gaussian
pRF model to the data at each cortical surface vertex, with an initial
coarse grid fit followed by a fine iterative fit, to optimize the param-
eters that define pRF size and the location (x, y) in Cartesian coor-
dinates in visual space that the underlying population of neurons
respondsto.

The optimized location parameters were transformed to eccen-
tricities and polar angle maps, which we then used to manually deline-
atevisual regions ofinterest V1and V4. Delineations were constrained
to the maximum stimulus eccentricity of the controllingimages (that
is, 8.4° of visual angle) on the basis of the eccentricity map, while the
visual areas were identified on the basis of reversalsin the polar angle
map. To ensure specificity, the visual area delineations were drawn con-
servatively, with the dorsal and ventral boundaries drawnjust dorsally
and ventrally of the corresponding polar angle reversal, respectively
(Extended DataFig. 8c).

GLM. We used GLMsingle®* to estimate single-trial beta responses
(that is, blood oxygenation level dependent (BOLD) response ampli-
tudes evoked by eachimage trial) of the preprocessed fMRI data from
the main experiment. GLMsingle provides single-trial beta estimates
following three steps. First, for each voxel, a custom haemodynamic
response functionis identified from a library of candidate functions.
Second, cross-validation is used to derive a set of noise regressors
fromvoxels that have negligible amounts of BOLD variance related to
the experiment (using an R*threshold). Third, toimprove the stability
of beta estimates for closely spaced trials, betas are regularized on a
voxel-wise basis using ridge regression. The resulting betas indicate
the percentage of BOLD signal change evoked by single-image trials,
with respect to a baseline corresponding to the absence of a stimulus
(thatis, agrey screen with noimage presented). We applied GLMsingle
with default parameters, independently to the preprocessed fMRI
responses of each participant, session and area (thatis, independently
for the voxels of Vland V4).

z-Scoring and voxel selection. For consistency with the in silico fMRI
data, here too we z-scored the beta responses (from GLMsingle) of
each voxel across all trials of each session and computed the NCSNR
of eachvoxel. For further analyses, we retained only those voxels with
NCSNRscores above 0.4. The more liberal NCSNR threshold (compared
with the in silico fMRI data analyses) comes from the fact that not all
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recorded participants and areas consisted in voxels with NCSNR scores
above 0.5. We computed the NCSNR independently for the data of the
two recording sessions, thatis, independently for the fMRIresponses
forthe univariate and multivariate RNC images. This resulted inadiffer-
entamount of retained voxels between the two experimental sessions,
which canbe seenin Supplementary Tables 4 and 5.

Statistical testing

We assessed statistical significance using population prevalence
testing®™?®, which is well suited to determine the significance of an
effect at the level of the population when analysing small samples
of intensely scanned participants. Population prevalence testing is
atwo-level procedure. At the first level, significance is established
independently within each participant. At the second level, the binary
results fromthefirstlevel (thatis, the counts of significant participants)
are used to estimate the probability of this happening by chance, under
the null hypothesis of no effectinany member of the population, thus
providing a population-level inference. In the following, we describe
these two levels in detail.

At the first level, we established significance independently
within each participant using non-parametric permutation tests. Each
test consisted in the following: computing the statistic of interest
(that is, the observed statistic); creating the null distribution of the
observed statistic by recomputing it using 100,000 different random
permutations of the data; quantifying the Pvalue as the proportion of
permutations where the randomized statistic is as extreme or more
extreme than the observed statistic; controlling the family-wise error
rate by applying (non-negative) Benjamini-Hochberg correction” to
theresulting Pvalues; and assigning significance to participants with
corrected P values below 0.05. In the encoding model noise analy-
sis tests, the null hypothesis was that the noise-ceiling-normalized
explained variance scores of the different predictors were equal;
we permuted the encoding accuracy scores over fMRI voxels and
predictors, and we corrected the P values over two tests for each
area (one test comparing single and average NSD trials as predictors,
and one test comparing average NSD trials and in silico responses as
predictors). In the univariate RNC analysis tests, the null hypothesis
was that the univariate responses for the controlling and baseline
images were equal; we permuted the univariate responses across
image conditions, and we corrected the P values over eight tests for
each pairwise comparison of areas (one test for each combination
of two areas and four neural control conditions). In the univariate
RNC cortical distance analysis tests, the null hypothesis was that
the absolute differences between the baseline univariate responses
and the univariate responses for controlling images from different
stepwise area distances were equal; we permuted the univariate
responses across areas, and we corrected the Pvalues over four tests
(onetestfor each neural control condition). In the multivariate RNC
analysis tests, the null hypothesis was that the RSA scores for the
controlling and baseline images were equal; we permuted the mul-
tivariate responses across image conditions, and we corrected the P
values over two tests for each pairwise comparison of areas (one test
for each neural control condition). In the multivariate RNC cortical
distance analysis tests, the null hypothesis was that the absolute
differences between the baseline RSA scores and the RSA scores for
controllingimages from different stepwise area distances were equal;
we permuted the multivariate responses across areas and image con-
ditions, and we corrected the P values over three tests (one test for
the aligning, disentangling and baseline images, respectively). In the
multivariate RNC retinotopy analysis tests, the null hypothesis was
that the univariate responses of voxels tuned to the lower and upper
portions of the visual field were equal; we permuted the data across
ventral and dorsal voxels, and we corrected the P values over two
tests for each area (one test for sky and no sky images, respectively).
In the univariate RNC categorical selectivity analysis tests, the null

hypothesis was that the absolute differences between the baseline
univariate responses and the univariate responses for controlling
images from areas within or between categorical selectivity groups
were equal; we permuted the univariate responses across areas, and
we corrected the P values over four tests (one test for each neural
control condition). In the multivariate RNC categorical selectivity
analysis tests, the null hypothesis was that the absolute differences
between the baseline RSA scores and the RSA scores for controlling
images from areas within or between categorical selectivity groups
were equal; we permuted the univariate responses across areas and
image conditions, and we corrected the Pvalues over two tests (one
test for each neural control condition).

Atthesecond level, we used the cumulative density function of the
binomial distribution of within-participant significance to estimate the
probability of observing significant participants by chance, if there was
no effectinany member of the population, as follows:

P =1-CDF(k,n,a = 0.05),

where CDF is the cumulative density function of the binomial distribu-
tion, kis the number of significant participants, nis the total number of
participants (eight or seven participants for tests on the in silico fMRI
responses from encoding models trained on NSD and VIR, respectively;
six participants for tests on the in vivo fMRI responses from the fMRI
experiments) and a is the probability of success in each trial under
the null hypothesis. Finally, we assigned statistical significance at the
population level for probabilities of P < 0.05.

To calculate the confidence intervals of each statistic, we created
100,000 bootstrapped samples by sampling the participant-specific
results with replacement. This yielded empirical distributions of the
results, from which we derived the 95% confidence intervals.

Software
Data analyses were carried out in Python 3, using the following librar-
ies (version in parenthesis): argparse (v1.4.0); GLMsingle (v1.2); hSpy
(v3.1.0); Matplotlib (v3.9.4); NEST (v1.0.0); NiBabel (v4.0.2); Nilearn
(v0.9.2); Numpy (v1.26.4); nsdcode (v1.0.0); Pandas (v1.5.1); Pillow
(v9.2.0); prf-workflow (v0.1); pRFpy (v0.1.0); PyTorch (v1.13.0);
scikit-learn (v1.1.1); SciPy (v1.12.0); Statsmodels (v0.13.5); Torchvision
(v0.14.0); tqdm (v4.64.1).

fMRI data collection and preprocessing were carried out in MAT-
LAB2020a, using Psychtoolbox-3 and SPM12, respectively.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The univariate and multivariate RNC algorithms were applied on in
silico fMRI responses generated using the Brain Encoding Response
Generator, available via GitHub at https://github.com/gifale95/
BERG. The NSD is available at https://naturalscenesdataset.org/.
The VIR dataset is available via Figshare at https://doi.org/10.6084/
m9.figshare.23590302.v2 (ref. 98). The controlling images for all pair-
wise comparisons of areas, along with the in vivo fMRI responses for
the V1 versus V4 comparison controlling images, are available via
OpenNeuro at https://openneuro.org/datasets/ds005503.

Code availability

The codetoreproduceallthe resultsis available via GitHub at https://
github.com/gifale95/RNC. To facilitate RNC adoption, the GitHub
repository alsoincludes Colab tutorials where users caninteractively
implementunivariate and multivariate RNC oninsilico fMRIresponses
of areas spanning the entire visual cortex for 150,000 naturalistic
images.

Nature Human Behaviour | Volume 9 | October 2025 | 2079-2098

2095


http://www.nature.com/nathumbehav
https://github.com/gifale95/BERG
https://github.com/gifale95/BERG
https://naturalscenesdataset.org/
https://doi.org/10.6084/m9.figshare.23590302.v2
https://doi.org/10.6084/m9.figshare.23590302.v2
https://openneuro.org/datasets/ds005503
https://github.com/gifale95/RNC
https://github.com/gifale95/RNC

Article

https://doi.org/10.1038/s41562-025-02252-z

References

1.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Grill-Spector, K. & Malach, R. The human visual cortex. Annu. Rev.
Neurosci. 27, 649-677 (2004).

Van Essen, D. C., Anderson, C. H. & Felleman, D. J. Information
processing in the primate visual system: an integrated systems
perspective. Science 255, 419-423 (1992).

Barlow, H. B. Why have multiple cortical areas? Vis. Res. 26,
81-90 (1986).

Bullier, J. Integrated model of visual processing. Brain Res. Rev.
36, 96-107 (2001).

Felleman, D. J. & Van Essen, D. C. Distributed hierarchical
processing in the primate cerebral cortex. Cereb. Cortex1,

1-47 (1991).

Kravitz, D. J., Saleem, K. S., Baker, C. I. & Mishkin, M. A new neural
framework for visuospatial processing. Nat. Rev. Neurosci. 12,
217-230 (20M).

Maunsell, J. H. R. & Newsome, W. T. Visual processing in monkey
extrastriate cortex. Annu. Rev. Neurosci. 10, 363-401 (1987).
Milner, A. D. & Goodale, M. A. Two visual systems re-viewed.
Neuropsychologia 46, 774-785 (2008).

deCharms, R. C. & Zador, A. Neural representation and the
cortical code. Annu. Rev. Neurosci. 23, 613-647 (2000).

Ballard, D. H. in Vision and Mind (eds Nog, A. & Thompson, E.)
459-480 (MIT Press, 2002).

Barack, D. L. & Krakauer, J. W. Two views on the cognitive brain.
Nat. Rev. Neurosci. 22, 359-371(2021).

DiCarlo, J. J., Zoccolan, D. & Rust, N. C. How does the brain solve
visual object recognition? Neuron 73, 415-434 (2012).
Kriegeskorte, N. & Diedrichsen, J. Peeling the onion of brain
representations. Annu. Rev. Neurosci. 42, 407-432 (2019).
Martin, K. A. C. A brief history of the “feature detector”. Cereb.
Cortex 4,1-7 (1994).

Hubel, D. H. & Wiesel, T. N. Receptive fields and functional
architecture of monkey striate cortex. J. Physiol. 195, 215-243
(1968).

Kanwisher, N. Functional specificity in the human brain: a window
into the functional architecture of the mind. Proc. Natl Acad. Sci.
USA 107, 11163-11170 (2010).

Van Den Heuvel, M. P. & Hulshoff Pol, H. E. Exploring the brain
network: a review on resting-state fMRI functional connectivity.
Eur. Neuropsychopharmacol. 20, 519-534 (2010).

Naselaris, T., Kay, K. N., Nishimoto, S. & Gallant, J. L. Encoding and
decoding in fMRI. Neurolmage 56, 400-410 (2011).

Wu, M. C.-K., David, S. V. & Gallant, J. L. Complete functional
characterization of sensory neurons by system identification.
Annu. Rev. Neurosci. 29, 477-505 (2006).

Yamins, D. L. K. & DiCarlo, J. J. Using goal-driven deep learning
models to understand sensory cortex. Nat. Neurosci. 19, 356-365
(2016).

Davis, T. et al. What do differences between multi-voxel and
univariate analysis mean? How subject-, voxel-, and trial-level
variance impact fMRI analysis. Neurolmage 97, 271-283 (2014).
Hebart, M. N. & Baker, C. |. Deconstructing multivariate decoding
for the study of brain function. Neurolmage 180, 4-18 (2018).
Kanwisher, N., McDermott, J. & Chun, M. M. The fusiform face
area: a module in human extrastriate cortex specialized for face
perception. J. Neurosci. 17, 4302-4311 (1997).

Haynes, J.-D. & Rees, G. Decoding mental states from brain
activity in humans. Nat. Rev. Neurosci. 7, 523-534 (2006).
Kriegeskorte, N., Mur, M. & Bandettini, P. A. Representational
similarity analysis—connecting the branches of systems
neuroscience. Front. Syst. Neurosci. 2, 4 (2008).

Mur, M., Bandettini, P. A. & Kriegeskorte, N. Revealing
representational content with pattern-information fMRI—an
introductory guide. Soc. Cogn. Affect. Neurosci. 4, 101-109 (2009).

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

a1.

42.

43.

44,

45,

46.

47.

48.

49.

Allen, E. J. et al. A massive 7T fMRI dataset to bridge cognitive
neuroscience and artificial intelligence. Nat. Neurosci. 25, 116-126
(2022).

Gifford, A. T, Cichy, R. M., Naselaris, T. & Kay, K. A 7T fMRI dataset
of synthetic images for out-of-distribution modeling of vision.
Preprint at https://arxiv.org/abs/2503.06286 (2025).

Gu, Z. et al. NeuroGen: activation optimized image synthesis for
discovery neuroscience. Neurolmage 247, 118812 (2022).
Schmolesky, M. T. et al. Signal timing across the macaque visual
system. J. Neurophysiol. 79, 3272-3278 (1998).

Russakovsky, O. et al. ImageNet large scale visual recognition
challenge. Int. J. Comput. Vis. 115, 211-252 (2015).

Hebart, M. N. et al. THINGS: a database of 1,854 object concepts
and more than 26,000 naturalistic object images. PLoS ONE 14,
0223792 (2019).

Cheng, F. L. et al. Reconstructing visual illusory experiences from
human brain activity. Sci. Adv. 9, eadj3906 (2023).

Foster, K. H., Gaska, J. P, Nagler, M. & Pollen, D. A. Spatial and
temporal frequency selectivity of neurones in visual cortical
areas V1and V2 of the macaque monkey. J. Physiol. 365, 331-363
(1985).

Kay, K. N., Naselaris, T., Prenger, R. J. & Gallant, J. L. Identifying
natural images from human brain activity. Nature 452, 352-355
(2008).

Kobatake, E. & Tanaka, K. Neuronal selectivities to complex object
features in the ventral visual pathway of the macaque cerebral
cortex. J. Neurophysiol. 71, 856-867 (1994).

Dosovitskiy, A. & Brox, T. Generating images with perceptual
similarity metrics based on deep networks. In Advances in Neural
Information Processing Systems Vol. 29 (Curran Associates, 2016).
Ponce, C. R. et al. Evolving images for visual neurons using a
deep generative network reveals coding principles and neuronal
preferences. Cell 177, 999-1009 (2019).

Xiao, W. & Kreiman, G. XDream: finding preferred stimuli for
visual neurons using generative networks and gradient-free
optimization. PLoS Comput. Biol. 16, 1007973 (2020).

Marin, M. M. & Leder, H. Examining complexity across domains:
relating subjective and objective measures of affective
environmental scenes, paintings and music. PLoS ONE 8, 72412
(2013).

Mayer, S. & Landwehr, J. R. Quantifying visual aesthetics based
on processing fluency theory: four algorithmic measures for
antecedents of aesthetic preferences. Psychol. Aesthet. Creat.
Arts 12, 399-431(2018).

Vaziri, S., Carlson, E. T., Wang, Z. & Connor, C. E. A channel for 3D
environmental shape in anterior inferotemporal cortex. Neuron
84, 55-62 (2014).

Yamane, Y., Carlson, E. T., Bowman, K. C., Wang, Z. & Connor, C. E.
A neural code for three-dimensional object shape in macaque
inferotemporal cortex. Nat. Neurosci. 11, 1352-1360 (2008).
Wandell, B. A. & Winawer, J. Imaging retinotopic maps in the
human brain. Vis. Res. 51, 718-737 (2011).

Downing, P. E., Jiang, Y., Shuman, M. & Kanwisher, N. A cortical
area selective for visual processing of the human body. Science
293, 2470-2473 (2001).

Epstein, R. & Kanwisher, N. A cortical representation of the local
visual environment. Nature 392, 598-601 (1998).

Maguire, E. The retrosplenial contribution to human navigation: a
review of lesion and neuroimaging findings. Scand. J. Psychol. 42,
225-238 (20071).

Hout, M. C., Papesh, M. H. & Goldinger, S. D. Multidimensional
scaling. WIREs Cogn. Sci. 4, 93-103 (2013).

Benson, N. C. et al. The Human Connectome Project 7 Tesla
retinotopy dataset: description and population receptive field
analysis. J. Vis. 18, 23 (2018).

Nature Human Behaviour | Volume 9 | October 2025 | 2079-2098

2096


http://www.nature.com/nathumbehav
https://arxiv.org/abs/2503.06286

Article

https://doi.org/10.1038/s41562-025-02252-z

50. DiCarlo, J. J. & Cox, D. D. Untangling invariant object recognition.
Trends Cogn. Sci. 11, 333-341(2007).

51. Marr, D. Visual information processing: the structure and creation
of visual representations. Philos. Trans. R. Soc. Lond. B 290,
199-218 (1980).

52. Lehky, S.R., Sejnowski, T. J. & Desimone, R. Predicting responses
of nonlinear neurons in monkey striate cortex to complex
patterns. J. Neurosci. 12, 3568-3581(1992).

53. Bashivan, P,, Kar, K. & DiCarlo, J. J. Neural population control via
deep image synthesis. Science 364, eaav9436 (2019).

54. Walker, E. Y. et al. Inception loops discover what excites
neurons most using deep predictive models. Nat. Neurosci. 22,
2060-2065 (2019).

55. Ratan Murty, N. A., Bashivan, P., Abate, A., DiCarlo, J. J. &
Kanwisher, N. Computational models of category-selective
brain regions enable high-throughput tests of selectivity. Nat.
Commun. 12, 5540 (2021).

56. Wang, B. & Ponce, C. R. Tuning landscapes of the ventral stream.
Cell Rep. 41, 111595 (2022).

57. Gu, Z., Jamison, K., Sabuncu, M. R. & Kuceyeski, A. Human brain
responses are modulated when exposed to optimized natural
images or synthetically generated images. Commun. Biol. 6, 1076
(2023).

58. Wang, T. et al. Large-scale calcium imaging reveals a systematic V4
map for encoding natural scenes. Nat. Commun. 15, 6401 (2024).

59. Tuckute, G. et al. Driving and suppressing the human language
network using large language models. Nat. Hum. Behav. 8,
544-561(2024).

60. Jazayeri, M. & Afraz, A. Navigating the neural space in search of
the neural code. Neuron 93, 1003-1014 (2017).

61. Perkel, D. H. & Bullock, T. H. Neural coding. Neurosci. Res. Program
Bull. 6, 221-348 (1968).

62. Dumoulin, S. O. & Wandell, B. A. Population receptive field
estimates in human visual cortex. Neurolmage 39, 647-660
(2008).

63. Park, S. & Chun, M. M. Different roles of the parahippocampal
place area (PPA) and retrosplenial cortex (RSC) in panoramic
scene perception. Neurolmage 47, 1747-1756 (2009).

64. Vann, S. D., Aggleton, J. P. & Maguire, E. A. What does the
retrosplenial cortex do? Nat. Rev. Neurosci. 10, 792-802 (2009).

65. Rose, O. & Ponce, C. R. A concentration of visual cortex-like
neurons in prefrontal cortex. Nat. Commun. 15, 7002 (2024).

66. Xie, W. et al. Neuronal sequences in population bursts encode
information in human cortex. Nature 635, 935-942 (2024).

67. Jain, S., Vo, V. A., Wehbe, L. & Huth, A. G. Computational language
modeling and the promise of in silico experimentation. Neurobiol.
Lang. 5, 80-106 (2024).

68. Mathis, M. W., Perez Rotondo, A., Chang, E. F., Tolias, A. S. &
Mathis, A. Decoding the brain: from neural representations to
mechanistic models. Cell 187, 5814-5832 (2024).

69. Gifford, A. T., Dwivedi, K., Roig, G. & Cichy, R. M. A large and
rich EEG dataset for modeling human visual object recognition.
Neurolmage 264, 119754 (2022).

70. Hebart, M. N. et al. THINGS-data, a multimodal collection of
large-scale datasets for investigating object representations in
human brain and behavior. eLife 12, €82580 (2023).

71. Lahner, B. et al. Modeling short visual events through the BOLD
moments video fMRI dataset and metadata. Nat. Commun. 15,
6241(2024).

72. Gifford, A. T. et al. The Algonauts Project 2023 Challenge:
how the human brain makes sense of natural scenes. Preprint at
https://arxiv.org/abs/2301.03198 (2023).

73. Schrimpf, M. et al. Brain-Score: which artificial neural network
for object recognition is most brain-like? Preprint at bioRxiv
https://doi.org/10.1101/407007 (2018).

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

Willeke, K. F. et al. The Sensorium competition on predicting
large-scale mouse primary visual cortex activity. Preprint at
https://arxiv.org/abs/2206.08666 (2022).

Gifford, A. T. et al. The Algonauts Project 2025 Challenge: how
the human brain makes sense of multimodal movies. Preprint at
https://arxiv.org/abs/2501.00504 (2025).

Markov, N. T. et al. Anatomy of hierarchy: feedforward and
feedback pathways in macaque visual cortex. J. Comp. Neurol.
522, 225-259 (2014).

Lamme, V. A. F. & Roelfsema, P. R. The distinct modes of vision
offered by feedforward and recurrent processing. Trends
Neurosci. 23, 571-579 (2000).

Gilbert, C. D. & Li, W. Top-down influences on visual processing.
Nat. Rev. Neurosci. 14, 350-363 (2013).

Groen, . 1. A. et al. Scene complexity modulates degree of
feedback activity during object detection in natural scenes.
PLoS Comput. Biol. 14, 1006690 (2018).

Kar, K., Kubilius, J., Schmidt, K., Issa, E. B. & DiCarlo, J. J.
Evidence that recurrent circuits are critical to the ventral
stream’s execution of core object recognition behavior. Nat.
Neurosci. 22, 974-983 (2019).

Breitmeyer, B. G. & Ogmen, H. Recent models and findings in
visual backward masking: a comparison, review, and update.
Percept. Psychophys. 62, 1572-1595 (2000).

Fahrenfort, J. J., Scholte, H. S. & Lamme, V. A. F. Masking disrupts
reentrant processing in human visual cortex. J. Cogn. Neurosci.
19, 1488-1497 (2007).

Maguire, J. F. & Howe, P. D. L. Failure to detect meaning in RSVP
at 27 ms per picture. Atten. Percept. Psychophys. 78, 1405-1413
(2016).

Lawrence, S. J., Norris, D. G. & De Lange, F. P. Dissociable laminar
profiles of concurrent bottom-up and top-down modulation in the
human visual cortex. eLife 8, 44422 (2019).

Lin, T.-Y. et al. in Computer Vision - ECCV 2014 (eds Fleet, D. et al.)
Vol. 8693, 740-755 (Springer, 2014).

St-Yves, G. & Naselaris, T. The feature-weighted receptive field:
an interpretable encoding model for complex feature spaces.
Neurolmage 180, 188-202 (2018).

Guclu, U. & Van Gerven, M. A. J. Deep neural networks

reveal a gradient in the complexity of neural representations
across the ventral stream. J. Neurosci. 35, 10005-10014

(2015).

Horikawa, T. & Kamitani, Y. Generic decoding of seen and imagined
objects using hierarchical visual features. Nat. Commun. 8, 15037
(2017).

Mebhrer, J., Spoerer, C. J., Kriegeskorte, N. & Kietzmann, T. C.
Individual differences among deep neural network models.

Nat. Commun. 11, 5725 (2020).

Paszke, A. et al. PyTorch: an imperative style, high-performance
deep learning library. Preprint at https://arxiv.org/abs/1912.01703
(2019).

Pedregosa, F. et al. Scikit-learn: machine learning in Python.
Preprint at https://arxiv.org/abs/1201.0490 (2012).

Brainard, D. H. The psychophysics toolbox. Spat. Vis. 10, 433-436
(1997).

Schira, M. M., Tyler, C. W., Breakspear, M. & Spehar, B. The foveal
confluence in human visual cortex. J. Neurosci. 29, 9050-9058
(2009).

Prince, J. S. et al. Improving the accuracy of single-trial fMRI
response estimates using GLMsingle. eLife 11, €77599 (2022).
Ince, R. A., Paton, A. T., Kay, J. W. & Schyns, P. G. Bayesian
inference of population prevalence. eLife 10, 62461 (2021).
Ince, R. A. A., Kay, J. W. & Schyns, P. G. Within-participant
statistics for cognitive science. Trends Cogn. Sci. 26, 626-630
(2022).

Nature Human Behaviour | Volume 9 | October 2025 | 2079-2098

2097


http://www.nature.com/nathumbehav
https://arxiv.org/abs/2301.03198
https://doi.org/10.1101/407007
https://arxiv.org/abs/2206.08666
https://arxiv.org/abs/2501.00504
https://arxiv.org/abs/1912.01703
https://arxiv.org/abs/1201.0490

Article

https://doi.org/10.1038/s41562-025-02252-z

97. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate:
a practical and powerful approach to multiple testing. J. R. Stat.
Soc. Ser. B 57, 289-300 (1995).

98. Cheng, F. et al. Reconstructing visual illusory experiences
from human brain activity. Figshare https://doi.org/10.6084/
m9.figshare.23590302.v2 (2023).

Acknowledgements

ATG. is supported by a PhD fellowship of the Einstein Center

for Neurosciences. M.A.J. is supported by the Horizon Europe
Framework Programme (HORIZON-MSCA-2021-PF-01, grant

number 101064539). R.M.C. is supported by German Research
Council (DFG) grants (CI 241/1-1, Cl 241/1-3, Cl 241/1-7 and INST
272/297-1), the European Research Council (ERC) starting

grant (ERC-StG-2018-803370) and the ERC Consolidator grant
(ERC-C0G-2024101123101). The funders had no role in the study
design, data collection and analysis, decision to publish or
preparation of the manuscript. We thank the HPC Service of FUB-IT,
Freie Universitat Berlin, for computing time (https://doi.org/10.17169/
refubium-26754). We thank K. Kay for helpful feedback and I. Charest
for help with the Natural Scenes Dataset.

Author contributions

ATG. and R.M.C. designed research. AT.G., J.J.D.S. and M.A.J. acquired
fMRI data. AT.G. and J.J.D.S. preprocessed fMRI data. AT.G. and M.A.J.
performed pRF analyses. AT.G. modelled and analysed data. AT.G. and
R.M.C. interpreted results. AT.G. prepared figures. AT.G. drafted the
manuscript. ATG., J.J.D.S., M.A.J. and R.M.C. edited and revised the
manuscript. All authors approved the final version of the manuscript.

Funding

Open access funding provided by Freie Universitat Berlin.

Competinginterests
The authors declare no competing interests.

Additional information
Extended data is available for this paper at
https://doi.org/10.1038/s41562-025-02252-z.

Supplementary information The online version contains supplementary
material available at https://doi.org/10.1038/s41562-025-02252-z.

Correspondence and requests for materials should be addressed to
Alessandro T. Gifford.

Peer review information Nature Human Behaviour thanks Amy
Kuceyeski, Fan Cheng and Mohamed Abdelhack for their contribution
to the peer review of this work. Peer reviewer reports are available.

Reprints and permissions information is available at
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2025, corrected publication 2025

Nature Human Behaviour | Volume 9 | October 2025 | 2079-2098

2098


http://www.nature.com/nathumbehav
https://doi.org/10.6084/m9.figshare.23590302.v2
https://doi.org/10.6084/m9.figshare.23590302.v2
https://doi.org/10.17169/refubium-26754
https://doi.org/10.17169/refubium-26754
https://doi.org/10.1038/s41562-025-02252-z
https://doi.org/10.1038/s41562-025-02252-z
https://doi.org/10.1038/s41562-025-02252-z
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Article

https://doi.org/10.1038/s41562-025-02252-z

Feature extractor (GNet)
Df ) { }

()I I+bv

B
|

Spatial pooling fields
&
feature weights

Extended Data Fig. 1| Encoding model architecture. a, lllustration of an
encoding model that predicts brain activity in agiven voxel (r,,) in response to
images (x,). Images are passed to nonlinear feature extractors (thatis, GNet),
n,(trapezoids), that output feature maps (grey cuboids). Feature maps are
grouped, passed through an element-wise nonlinearity, f(*), and then multiplied
pixel-wise by a spatial pooling field (g,...,g" where superscripts index distinct
groups of feature maps) that determines the region of visual space that drives
voxel activity. The weighted pixel values in each feature map are then summed,
reducing each feature map to a scalar value. These scalar values are concatenated
across all feature maps, forming a single feature vector that is passed through
another element-wise nonlinearity (left black rectangle) and then weighted by a
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set of feature weights, w (right black rectangle), to yield predicted voxel activity.
Thefeature extractors i, (that is, GNet), the spatial pooling fields g’,...,g", and

the feature weights w are all optimized while training the encoding model to
predict brainresponses. b, GNet’s architecture. GNet is a deep convolutional
neural network consisting of convolutional layers (rows labeled ‘conv’; values
indicate feature depth and convolutional filter resolution; ‘str’ = filter stride, ‘pad”
=convolutional padding), max-pooling layers (‘maxpool’), batch-normalization
and weight-dropout layers (‘batchnorm + dropout’). Feature mapsin the
convolutional layers (indicated by red arrows; resolution of the feature mapsin
parentheses) are used as predictors of brain activity in the context of an encoding
model. a-b, (adapted from Allenet al. ).
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Extended Data Fig. 2| Encoding models training and testing. a, Encoding
models training. For each participant and area, we trained end-to-end encoding
models that take images as input and predict the corresponding fMRI responses,
using the single-trial NSD responses for the 9,000 participant-unique images.
During training, the model predictions were compared to the single-trial target
fMRIresponses, and the resulting error was backpropagated to update the
encoding model weights. b, We tested the encoding models on anindependent
portion of the NSD data not used for training, consisting of fMRI responses for
515images seen three times by all participants, averaged across the three trials.
Photos from the COCO image dataset/Flickr®. ¢, We compared the noise of the
insilico fMRIresponses with the noise of the in vivo fMRI responses from the
NSD, by comparing how much variance these two data types explained for a
third, independent split of thein vivo NSD responses. Because the in silico fMRI
responses did not capture all signal variance in the NSD responses, the in silico
fMRIresponses explaining more variance than the in vivo NSD responses would
beindicative of the former being less affected by noise'**’. We carried out the
comparison through three sets of predictions, using the in silico and the in vivo
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NSD fMRI responses for the 515 testimages. Each prediction involved explaining
invivo single response trials from the NSD experiment with a different predictor.
Inthe first set of predictions, the predictor consisted of one of the two remaining
invivo NSD experiment response trials. In the second set of predictions, the
predictor consisted of the average of the two remaining in vivo NSD experiment
response trials. In the third set of predictions, the predictor consisted of the in
silico responses from the trained encoding models. d, Single NSD response trials
noise-ceiling-normalized explained variance, for the three predictors of the
noise analysis. The variance explained by the in silico responsesis higher than the
variance explained by both single and averaged NSD trials, indicating that thein
silico fMRI responses are less affected by noise compared to the NSD responses.
Colored asterisks indicate significant difference between the noise-ceiling-
normalized explained variance scores of two predictors (within-participant
permutation test, one-sided, P < 0.05, Benjamini/Hochberg corrected over 2 tests
for eacharea; population prevalence test, one-sided, P <107, indicating within-
participant significancein all 8 participants), for each area. Error bars reflect 95%
confidenceintervals.
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Extended Data Fig. 3| Encoding models in-distribution and out-of-
distribution noise-ceiling-normalized explained variance scores. a, Noise-
ceiling-normalized explained variance for encoding models trained on NSD%.
Thein-distribution generalization scores reflect tests on a set of 515 images and
fMRIresponses not used for training. The out-of-distribution generalization
scores reflect tests on the 284 NSD-synthetic?® images and fMRI responses.

b, Noise-ceiling-normalized explained variance for encoding models trained on

the Visual Illusion Reconstruction Dataset®. The in-distribution generalization
scores reflect tests on a set of 350 images and fMRI responses not used for
training. The out-of-distribution generalization scores reflect tests on the
38visualillusionimages from the same dataset. a-b, The noise-ceiling-
normalized explained variance scores are averaged across all voxels within
eacharea.
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Extended Data Fig. 4 | Univariate RNC algorithm. Univariate RNC searches for different neural control condition. The controlling images from the sum vector
images leading to aligned or disentangled insilico univariate fMRI responses of lead to two neural control conditions in which both areas have aligned univariate
two visual areas. The 73,000 NSD images are fed to the trained encoding models responses (thatis, images that either drive or suppress the responses of both
oftwo areas, and the resulting in silico fMRI responses averaged across voxels, areas), whereas the controlling images from the difference vector lead to two
obtaining a one-dimensional univariate response vector of length 73,000, for neural control conditions in which both areas have disentangled univariate
eacharea. The univariate response vectors of the two areas are either summed responses (that isimages that drive the responses of one area while suppressing
(alignment) or subtracted (disentanglement), the sum or difference scores theresponses of the other area, and vice versa). Photos from the COCO image
ranked, and the controlling images leading to highest and lowest scores are dataset/Flickr®.

kept. This results in four sets of controlling images, each set corresponding to a
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Extended Data Fig. 5| Generative univariate RNC algorithm. Generative
univariate RNC generates stimulus images leading to aligned or disentangled in
silico univariate fMRIresponses for V1and V4, while at the same time being as
simple as possible. Abatch of 1,000 random latent vectorsis given asinput to
aGAN?, which uses them to generate 1,000 images, and the PNG compression
file size of these images is calculated. Next, these images are fed to the trained
encoding models of V1and V4, and the resulting in silico fMRI responses averaged
across voxels, obtaining a one-dimensional univariate response vector of length
1,000, for each area. The univariate response vectors of the two areas are either
summed or subtracted, based on the neural control condition univariate RNC

is optimizing for, thus obtaining sum or difference scores. The latent vectors,
PNG compression file sizes, univariate responses, and sum or difference scores
are then fed to agenetic optimization algorithm***°, which uses them to create
anew generation of latent vectors (by keeping the 250 best performing latent
vectors, and recombining the remaining 750 latent vectors). At first the latent
vectors are optimized using the sum or difference scores, so to resultinimages

ﬁ Recombine

leading toinsilico univariate fMRI responses for V1and V4 closer to a threshold
level. After this threshold is reached, the latent vectors are optimized using the
PNG compression file sizes, so to result inimages that are as simple as possible
(while keeping the insilico univariate fMRI responses over the threshold). Finally,
the new latent vectors are once again fed to the GAN, and the same steps are
repeated over a new generation. After several genetic algorithm optimizations,
this resultsin animage (that is, the best performing image from the last genetic
optimization generation) that well controls neural responses following one of the
four univariate RNC neural control conditions (that is, two alignment conditions
where the insilico univariate fMRIresponses of both areas are either driven or
suppressed, and two disentanglement conditions where the in silico univariate
fMRI response of one area is driven while the response of the other areais
suppressed, and vice versa), while at the same time being as simple as possible.
Theimages for the four neural control conditions are optimized independently
of each other.
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Extended Data Fig. 6 | Multivariate RNC algorithm. Multivariate RNC searches
forimages leadingto aligned or disentangled in silico multivariate fMRI
responses of two visual brain areas. Random images batches from the 73,000
NSD images are fed to the trained encoding models of two areas, and the resulting
insilico fMRIresponses are transformed into representational similarity
matrices (RSMs)*, yielding one RSM for eachimage batch and area. The RSMs
ofthe two areas are then compared through RSA (that is, Pearson’s correlation),
obtaining one RSA correlation score (r) for each image batch, and the correlation
scores ranked. To align the two areas, the image batches with highest correlation
scores (that is, containing images most similarly represented by the two areas)
undergo a genetic optimization (which involves keeping these image batches,
creating mutated versions of them, and adding random image batches), resulting
in new image batches likely to better align the two areas®****** Finally, these

new image batches are once again fed to the encoding models, and the same

steps are repeated over a new generation. To disentangle the two areas the image
batches with lowest absolute correlation scores (that is, containing images most
differently represented by the two areas) are instead genetically optimized,
resulting in new image batches likely to better disentangle the two areas. After
several genetic optimization generations, this results in animage batch that

well controls neural responses following one of the two multivariate RNC neural
control conditions. The controlling images from the ranked correlation vector
lead both areas to have aligned multivariate responses (that is, images leading to
high RSA correlation scores for the two areas), whereas the controlling images
from the absolute ranked correlation vector lead both areas to have disentangled
multivariate responses (that is,images leading to low absolute RSA correlation
scores for the two areas). The image batches from the two neural control
conditions are optimized independently of each other. Photos from the COCO
image dataset/Flickr®.
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Extended Data Fig. 7 | Relationship between multivariate RNC controlling
images, fMRI responses, and RSM entries. a, V1 and V4 participant-average
RSMs for the multivariate RNC aligning images. b, Relationship between images
withand without the sky on their upper half, and fMRI responses for voxels tuned
to the higher and lower portion of the visual field. Due to retinotopy, uniform
regions on aspatially constrained portion of the image led to suppressed
responses for voxels tuned to the corresponding portion of the visual field.
Thus, the response of voxels tuned to the upper portion of the visual field were
consistently suppressed by images including the sky on their upper half, whereas
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the same images drove the response of voxels tuned to the lower portion of

the visual field (since the lower portion of these images includes non-uniform
regions such as objects) (Fig. 5d). The opposite pattern was observed for images
notincluding the sky (Fig. 5d). This led to highly positive correlations (and
corresponding RSM entries) when correlating the voxel responses for two sky
images, or for two no sky images, and to highly negative correlations when
correlating the voxel responses for a sky image and a no sky image (Fig. 5¢).
Photos from the COCO image dataset/Flickr®.
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Extended DataFig. 8 | In vivo fMRI experiments and polar angle maps. seconds of inter-stimulus interval. Participants were asked to fixate a central red
a, Experimental design. We presented the univariate and multivariate RNC dot during the entire experiment. fMRI responses were collected during image
controlling and baseline images during a target detection task, where we asked presentation. Photos from the COCO image dataset/Flickr®. b, Screenshot of the
participants to press abutton whenever animage with Buzz Lightyear appeared PRF experiment used to delineate areas V1and V4. ¢, Polar angle maps and V1/V4
onthescreen. Eachimage was presented for two seconds, followed by two delineations. Results are shown on FreeSurfer’s sphere surface.
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- Nilearn v0.9.2 (https://github.com/nilearn/nilearn)

- Numpy v1.26.4 (https://github.com/numpy/numpy)

- nsdcode v1.0.0 (https://github.com/cvnlab/nsdcode)

- Pandas v1.5.1 (https://github.com/pandas-dev/pandas)

- Pillow v9.2.0 (https://github.com/python-pillow/Pillow)

- prf-workflow v0.1 (https://github.com/mayajas/prf-workflow)
- pRFpy v0.1.0 (https://github.com/VU-Cog-Sci/prfpy)

- PyTorch v1.13.0 (https://github.com/pytorch/pytorch)




- scikit-learn v1.1.1 (https://github.com/scikit-learn/scikit-learn)

- SciPy v1.12.0 (https://github.com/scipy/scipy)

- Statsmodels v0.13.5 (https://github.com/statsmodels/statsmodels)
- Torchvision v0.14.0 (https://github.com/pytorch/vision)

-tqdm v4.64.1 (https://github.com/tgdm/tqdm)

The code to reproduce all the paper results is available on GitHub (https://github.com/gifale95/RNC).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

- The univariate and multivariate RNC algorithms were applied on in silico fMRI responses generated using the Neural Encoding Simulation Toolkit (https://
github.com/gifale95/NEST).

- The Natural Scenes Dataset (NSD) is available at (https://naturalscenesdataset.org/).

- The Visual lllusion Reconstruction (VIR) dataset is available at (https://figshare.com/articles/dataset/
Reconstructing_visual_illusory_experiences_from_human_brain_activity/23590302).

- The controlling images for all pairwise comparison of areas, along with the in vivo fMRI responses for the V1 vs. V4 comparison controlling images, are available on
OpenNeuro (https://openneuro.org/datasets/ds005503).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender While we recorded sex (4 self-reported female, and 2 male), we did not use this information in our analyses. We studied the
visual perception of naturalistic images, and have no reason to believe sex or gender plays a substantial role.

Reporting on race, ethnicity, or We did not perform any groupings of participants using race, ethnicity, socially relevant groupings, or otherwise.
other socially relevant

groupings

Population characteristics Participants self-reported their age (25.83 +/- 2.67 years mean+/- STD) and confirmed normal or corrected-to-normal vision.

Recruitment Participants were recruited locally around the university through email messaging. This recruitment may bias participants
towards a certain age group and social status. However, such biases are not thought to have any significant impact on visual
processing.

Ethics oversight The experiment was conducted in accordance with the Declaration of Helsinki and approved by the Ethics Committee of the

Department of Education and Psychology of the Freie Universitat Berlin.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size For the in silico experiments we used n = 8 participants, as this is the number of participants available in the natural scenes dataset (on which
the encoding models generating the in silico data were based).
For the in vivo experiments we used n = 6 participants. No prior sample size calculation was performed. We chose this sample size based on
previous related work (see paper reference: Ratan Murty et al., 2021; Gu et al., 2023; Tuckute et al., 2024) to strike a good balance between
within-subject brain measurements (two recording sessions per subject to obtain multiple stimulus repetitions for increased signal), and
between-subject brain measurements.

>
Q
=)
e
(D
O
@)
=4
o
=
—
(D
O
@)
=
)
(@]
wv
C
=
=
)
<




Data exclusions  For one participant the pRF mapping analysis resulted in retinotopic maps of poor quality, from which we could not identify and delineate
area V4. Since delineation of area V4 was a necessary precondition for the main analyses, we excluded this participant.

Replication We provide the data and code to reproduce our analysis results, including plots and statistics. We have internally run the code multiple times
to verify the same results.

Randomization  Experimental groups were not relevant in this study. Our study aims did not include differences between groups.

Blinding Blinding was not relevant to this study as this study did not incorporate multiple experimental groups.

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description

Research sample

Sampling strategy

Data collection

Timing

Data exclusions

Non-participation

Randomization

Briefly describe the study type including whether data are quantitative, qualitative, or mixed-methods (e.g. qualitative cross-sectional,
quantitative experimental, mixed-methods case study).

State the research sample (e.g. Harvard university undergraduates, villagers in rural India) and provide relevant demographic
information (e.g. age, sex) and indicate whether the sample is representative. Provide a rationale for the study sample chosen. For
studies involving existing datasets, please describe the dataset and source.

Describe the sampling procedure (e.g. random, snowball, stratified, convenience). Describe the statistical methods that were used to
predetermine sample size OR if no sample-size calculation was performed, describe how sample sizes were chosen and provide a
rationale for why these sample sizes are sufficient. For qualitative data, please indicate whether data saturation was considered, and
what criteria were used to decide that no further sampling was needed.

Provide details about the data collection procedure, including the instruments or devices used to record the data (e.g. pen and paper,
computer, eye tracker, video or audio equipment) whether anyone was present besides the participant(s) and the researcher, and
whether the researcher was blind to experimental condition and/or the study hypothesis during data collection.

Indicate the start and stop dates of data collection. If there is a gap between collection periods, state the dates for each sample
cohort.

If no data were excluded from the analyses, state so OR if data were excluded, provide the exact number of exclusions and the
rationale behind them, indicating whether exclusion criteria were pre-established.

State how many participants dropped out/declined participation and the reason(s) given OR provide response rate OR state that no
participants dropped out/declined participation.

If participants were not allocated into experimental groups, state so OR describe how participants were allocated to groups, and if
allocation was not random, describe how covariates were controlled.

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description

Research sample

Sampling strategy

Data collection

Timing and spatial scale

Data exclusions

Reproducibility

Briefly describe the study. For quantitative data include treatment factors and interactions, design structure (e.g. factorial, nested,
hierarchical), nature and number of experimental units and replicates.

Describe the research sample (e.g. a group of tagged Passer domesticus, all Stenocereus thurberi within Organ Pipe Cactus National
Monument), and provide a rationale for the sample choice. When relevant, describe the organism taxa, source, sex, age range and
any manipulations. State what population the sample is meant to represent when applicable. For studies involving existing datasets,
describe the data and its source.

Note the sampling procedure. Describe the statistical methods that were used to predetermine sample size OR if no sample-size
calculation was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Describe the data collection procedure, including who recorded the data and how.
Indicate the start and stop dates of data collection, noting the frequency and periodicity of sampling and providing a rationale for
these choices. If there is a gap between collection periods, state the dates for each sample cohort. Specify the spatial scale from which

the data are taken

If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the rationale behind them,
indicating whether exclusion criteria were pre-established.

Describe the measures taken to verify the reproducibility of experimental findings. For each experiment, note whether any attempts to
repeat the experiment failed OR state that all attempts to repeat the experiment were successful.
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Randomization Describe how samples/organisms/participants were allocated into groups. If allocation was not random, describe how covariates were
controlled. If this is not relevant to your study, explain why.

Blinding Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your studly.

Did the study involve field work? |:| Yes |:| No

Field work, collection and transport

Field conditions Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).

Location State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water depth).
Access & import/export | Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and in
compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,

the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies XI|[] chip-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

XXNXXNXNXX s
OoOoOoooO

Plants

Antibodies

Antibodies used Describe all antibodies used in the study, as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) State the source of each cell line used and the sex of all primary cell lines and cells derived from human participants or
vertebrate models.

Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines Name any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
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Specimen provenance issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,

export.

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

|:| Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Animals and other research organisms
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Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals For laboratory animals, report species, strain and age OR state that the study did not involve laboratory animals.

Wild animals Provide details on animals observed in or captured in the field, report species and age where possible. Describe how animals were
caught and transported and what happened to captive animals after the study (if killed, explain why and describe method, if released,
say where and when) OR state that the study did not involve wild animals.

Reporting on sex Indicate if findings apply to only one sex; describe whether sex was considered in study design, methods used for assigning sex.
Provide data disaggregated for sex where this information has been collected in the source data as appropriate; provide overall
numbers in this Reporting Summary. Please state if this information has not been collected. Report sex-based analyses where
performed, justify reasons for lack of sex-based analysis.

Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.

Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.
Qutcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.

Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
in the manuscript, pose a threat to:

Yes
[ ] Public health

|:| National security
|:| Crops and/or livestock
|:| Ecosystems

OO0Oooos

|:| Any other significant area




Experiments of concern

Does the work involve any of these experiments of concern:
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Plants

Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
Enhance the virulence of a pathogen or render a nonpathogen virulent
Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin

Any other potentially harmful combination of experiments and agents

Seed stocks

Novel plant genotypes

Authentication

ChlP-seq

Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Describe-any-atthentication-procedures foreach seed stock- tised-ornovel-genotype-generated.Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Data deposition

|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links

For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,

May remain private before publication. | provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.

Genome browser session
(e.g. UCSC)

Methodology

Replicates

Sequencing depth

Antibodies

Peak calling parameters

Data quality

Software

Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
enable peer review. Write "no longer applicable" for "Final submission" documents.

Describe the experimental replicates, specifying number, type and replicate agreement.

Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.

Describe the antibodies used for the ChiP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and
lot number.

Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and index files
used.

Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.

Describe the software used to collect and analyze the ChiP-seq data. For custom code that has been deposited into a community
repository, provide accession details.
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Flow Cytometry

Plots
Confirm that:

|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).

|:| All plots are contour plots with outliers or pseudocolor plots.

|:| A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation
Instrument

Software

Cell population abundance

Gating strategy

Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.
Identify the instrument used for data collection, specifying make and model number.

Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

|:| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type

Design specifications

The pRF experiment was task-based and had a continuous design. The core experiment was task-based and had an
event-related design. We also collected structural data.

Each participant underwent two fMRI data collection sessions. Each session consisted of multiple four-second trials,
where an image was presented for two seconds, followed by two seconds of gray screen inter-stimulus interval. During
the first session we presented the 150 controlling images from univariate RNC across 10 runs, resulting in 6
presentation repeats for each image. During the second session we presented the 150 controlling images from
multivariate RNC across 10 runs, resulting in 8 presentation repeats for each image. The pRF experiment consisted of
three five-minute runs at the beginning of the first session.

Behavioral performance measures  Button presses were recorded. To ensure data quality, response accuracy was measured.

Acquisition
Imaging type(s)

Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI [ ] used

Preprocessing

Preprocessing software

Normalization

Normalization template

Structural, functional.
3T.

Anatomical scans were acquired during each recording session using a standard T1-weighted sequence (TR=1.9s, TE =
3.22 ms, number of slices 176, FOV = 225 mm, voxel size 1.0 mm isotropic, flip angle 8°).

Functional images were acquired using a multiband 3 sequence with partial brain coverage (TR=1s, TE =33 ms,
number of slices 39, voxel size 2.5 mm isotropic, matrix size 82 x 82, FOV = 205 mm, flip angle 70°, acquisition order
interleaved, inter-slice gap 0.25 mm). The acquisition volume fully covered the occipital lobe.

Partial brain coverage including visual cortex.

Not used

SPM12 (https://github.com/spm/spm12)
FreeSurfer v7 (https://github.com/freesurfer/freesurfer)

Data were not normalized as the main analyses did not assume a common brain space.

Data were not normalized as the main analyses did not assume a common brain space.

>
Q
=)
e
(D
O
@)
=4
o
=
—
(D
O
@)
=
)
(@]
wv
C
=
=
)
<




Noise and artifact removal For the GLM preparation of the data, the data-driven analysis method GLMdenoise was used. This method accounted for a
variety of sources of noise (e.g., physiological, motion, scanner artifacts, effects of collinearity).

Volume censoring No censoring was performed.

Statistical modeling & inference

Model type and settings Trial-wise fMRI response amplitudes were estimated for individual voxels in individual participants. Two types of analyses
were then performed on these response amplitudes: mass univariate and RSA.

Effect(s) tested For the mass univariate analysis, we tested whether the univariate fMRI responses for the controlling images were
significantly higher/lower than the univariate fMRI responses for the baseline images.
For the RSA analysis, we tested whether the fMRI responses for the controlling images led to RSA scores significantly higher/
lower than the fMRI responses for the baseline images.

Specify type of analysis: [ | whole brain ROl-based [ Both
Statistic type for inference Voxel-wise.

(See Eklund et al. 2016)
Correction FDR correction to adjust the p-values for multiple comparisons.

Models & analysis

n/a | Involved in the study
IZ |:| Functional and/or effective connectivity

IZ |:| Graph analysis

|:| Multivariate modeling or predictive analysis
Functional and/or effective connectivity No connectivity analysis was performed.
Graph analysis No graph analysis was performed.

Multivariate modeling and predictive analysis | For the mass univariate analysis, we averaged the activity patterns over all voxels within a region of interest.
For the RSA analysis, we constructed representational similarity matrices by correlating multivariate brain
activity patterns of all voxels within a region of interest.
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