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In silico discovery of representational 
relationships across visual cortex
 

Alessandro T. Gifford    1,2,3  , Maya A. Jastrzębowska1, Johannes J. D. Singer1 & 
Radoslaw M. Cichy    1,2,3,4

Human vision is mediated by a complex interconnected network of cortical 
brain areas that jointly represent visual information. Although these 
areas are increasingly understood in isolation, their representational 
relationships remain unclear. Here we developed relational neural 
control and 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 in silico discoveries on in vivo fMRI responses from 
independent participants. Together, this reveals how visual areas jointly 
represent the world as an interconnected network.

Human vision is mediated by a complex interconnected network of 
cortical areas that jointly represent visual information1–9. The network 
consists of hierarchies and loops, with each area distinctly responding 
to visual properties of incoming visual stimuli, resulting in idiosyncratic 
representations of visual phenomena10–14.

Over the past half century, taking an atomistic approach, neuro-
scientists have studied visual representations by characterizing each 
area in isolation 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 edges15 to elucidating the role of higher-level 
visual cortex for processing of complex visual categories such as faces, 
places and objects16.

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 content is shared between areas or unique to a specific 
area. While anatomical2 and functional17 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 
from broad 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 (that is, visual areas one to four (V1, V2, V3, V4), 
extrastriate body area (EBA), fusiform face area (FFA), parahippocam-
pal place area (PPA) and retrosplenial cortex (RSC)). First, through 
deep-neural-network-based encoding models18–20, 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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in-silico-generated fMRI responses 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 response19,29, 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 in silico 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 voxels16,21–23.

For each pairwise comparison of areas (V1 versus V2, V1 versus V3, 
V1 versus 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 fMRI responses 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 in two 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 at least 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 
silico fMRI response 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).

This in turn enabled the evaluation of a larger, more diverse and, thus, 
less biased hypothesis space. Next, to uncover representational rela-
tionships, RNC selected controlling images aligning or disentangling 
the in silico fMRI responses of the areas at both their univariate (that 
is, voxel average)16,21–23 and multivariate (that is, voxel population pat-
tern)21,22,24–26 response level, under the assumption that alignment or 
disentanglement are indicative of shared or unique representational 
content, respectively. Finally, we validated our in silico 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, V3 and V4).

The first step was creating high-quality in silico brain responses 
for a large set of visual stimuli (Fig. 1a). For this, we used the Natural 
Scenes Dataset (NSD)27, 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. 1 and 2a). The trained 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% for V2, 65.07% for V3 and 53.29% for V4 (Extended Data Fig. 2b; 
single-participant results shown in Extended Data Fig. 3a). We further 
tested the robustness of the encoding models on NSD-synthetic28, the 
NSD out-of-distribution companion dataset of fMRI responses to artifi-
cial images, 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 
the trained encoding models generate reliable in silico fMRI responses, 
including for images very different from the ones on which the models 
were trained, therefore providing a solid foundation for in silico experi-
ments. Using the trained encoding models, we generated in silico fMRI 
responses to all 73,000 NSD images for each of the 8 participants, thus 
increasing the number of image-specific brain responses per partici-
pant by a factor of ~7 (Fig. 1b).

This had three advantages. First, the large number of responses 
allowed a wider exploration than possible with in vivo data, thus reduc-
ing experimental biases inherent in small datasets. Second, as the 
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Fig. 1 | RNC provides accurate and denoised in silico fMRI responses for 
thousands of images. a, Through encoding models, we generated in silico fMRI 
responses to each of the 73,000 images and for each of the 8 participants in the 
NSD. We then compared these in silico responses with the in vivo fMRI responses 
from the NSD. Photos from the COCO image dataset/Flickr85. b, Comparison of 

the number of image conditions presented to each participant, for the in silico 
and in vivo fMRI responses. c, Comparison of the number of image conditions 
shared across participants, for the in silico and in vivo fMRI responses.  
d, Comparison of in silico and in vivo fMRI response noise, in arbitrary units.
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Visual areas V1 to V4 form a processing hierarchy in terms of 
anatomical connectivity5, response latency30 and the complexity of 
stimulus properties maximally driving neural responses1. This sug-
gests that disentanglement should increase and that alignment should 

decrease with increasing 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 fMRI responses in the disentangling control condition and the 
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Fig. 2 | RNC controls in silico 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, 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 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 
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. c, 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 < 1 × 10−10, indicating within-participant significance in all 
8 participants). In b–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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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 
(but not driving 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 < 1 × 10−9, 
indicating within-participant significance in 7 out of 8 participants) 
(Fig. 2d, blue dots). This indicates that the univariate responses of 
areas further away from each other were less aligned and more strongly 
disentangled. Strengthening this finding, as the stepwise distance 
between two areas increased, the correlation between their univariate 
responses decreased (within-participant permutation test, one-sided, 
P < 0.05; population prevalence test, one-sided, P < 1 × 10−10, indicating 
within-participant significance in all 8 participants) (Fig. 2e).

To ascertain that the demonstrated representational relationships 
reflect properties of visual processing, rather than biases of specific 
datasets, we performed two tests. First, to ensure 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 
validation split31, and for the 26,107 images from the THINGS database32 
(that is, 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’s solutions 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) dataset33 (that is, fMRI responses 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 in silico univariate fMRI responses 
of multiple areas, revealing that a large 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 V1 and V4 in silico univariate fMRI 
responses
To determine the visual features leading to aligned or disentangled 
responses of different areas, we visualized the controlling images 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 
on a low-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 
the response 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 
naturalistic images from diverse image sets, that V1 is uniquely tuned 
to high-spatial-frequency content34,35, whereas V4 is uniquely tuned 
to object-like shapes36.

Naturalistic images are complex combinations of multiple visual 
features, making it challenging to isolate, by mere visual inspection, 
the features leading to 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 
generator37 and genetic optimization38,39 to iteratively 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 size40,41, while at the same time keeping the univariate 
responses above threshold. This promoted the generation of control-
ling images (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 ran ten independent evolutions, resulting in 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 
a uniform background. The images 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 the images 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 other indicates 
that these controlling visual features are the ones optimally aligning or 
disentangling V1 and V4. Further supporting this, generating images 
without the image complexity constraint led to images 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 
shapes are the visual features leading to unique representational con-
tent for V1 and V4 in silico univariate fMRI responses.

RNC controls in silico multivariate fMRI responses across 
early- and mid-level visual cortical areas
We next used RNC to reveal the representational relationships for visual 
information encoded in in silico multivariate fMRI responses (that is, 
the population response patterns over all voxels within an area, rather 
than averaged voxel responses)21,22,24–26.

To control in silico multivariate fMRI responses 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 area in 
a common format25. For each pairwise comparison of areas, we used 
multivariate RNC and genetic optimization38,39,42,43 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)25 correlation score (that is, Pearson’s r) for 
the RSMs of the two areas. Disentanglement consisted in an image 
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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 a baseline RSM defined on an image 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 < 1 × 10−9, 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 < 10−5, 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 V1 and V4 in silico 
multivariate fMRI responses stems from similar retinotopic 
properties
Which visual 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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representational content for V1 and V4 in silico univariate fMRI responses.  
a, V1 versus V4 neural control scores and controlling or baseline images obtained 
by applying univariate RNC jointly on the in silico fMRI responses of all  
8 participants for the 73,000 NSD images. Photos from the COCO image dataset/
Flickr85. b, Results of ten independent generative univariate RNC evolutions 
using in silico fMRI responses averaged across all eight participants. For each 

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. 
On top of each plot are the optimized images from the ten evolutions.
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The aligning images often contained uniform portions (that is, the 
sky on their upper half), whereas the disentangling images did not, and 
the baseline images did but to a lesser 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 of image properties on the multivariate 
RNC scores, we visually inspected the V1 and V4 RSMs in conjunction 
with the controlling images (Fig. 5b). For both areas, RSM entries com-
paring different images including the sky in their upper half indicated 
highly positive correlations, while RSM entries comparing images with 
and without the sky in the upper half indicated 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, upon visual inspection, the V1 and V4 RSMs for the disentangling 
images contained correlation scores of lower absolute magnitude and 
did not reveal common visual patterns (Fig. 5b).

Combining the insights gained from inspecting controlling images 
and RSMs, we stipulated that retinotopic organization determines 
neural alignment44: uniform regions on a spatially 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 is, 
the sky) in their 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 < 1 × 10−5, 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 < 1 × 10−9, indicating within-participant 
significance in at least 7 out of 8 participants) (Fig. 5d), explaining why 
RSM entries comparing images with and without the sky in the upper 
half resulted 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 in silico 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 a key role in the representation of bodies (EBA45), faces (FFA23) 
and scenes (PPA46) and in visual navigation (RSC47) (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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Fig. 4 | RNC controls in silico multivariate fMRI responses across early- and 
mid-level visual cortical areas. a, Multivariate RNC neural control conditions.  
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 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 < 1 × 10−9, indicating within-participant significance in at least 7 

out of 8 participants). c, 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 < 1 × 10−5, indicating within-participant significance in at least 5 out of  
8 participants). In b–d, opaque and transparent dots represent participant-
average and single-participant results, respectively. Error bars reflect 95% 
confidence intervals.

http://www.nature.com/nathumbehav


Nature Human Behaviour | Volume 9 | October 2025 | 2079–2098 2085

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

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)  
(RNC results for interactions 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. 6c). We confirmed this prediction. For univariate RNC, the 
absolute difference between the in silico univariate fMRI responses 
in the control conditions and the baseline was larger for within-group 
areas in the 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 is 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. 5 | Shared representational content for V1 and V4 in silico multivariate 
fMRI responses stems from similar retinotopic properties. a, V1 versus V4 
neural control scores and controlling or baseline images obtained by applying 
multivariate RNC jointly on the in silico fMRI responses of all 8 participants 
for the 73,000 NSD images. b, V1 and V4 participant-average RSMs for the 
multivariate RNC aligning and disentangling images. c, V1 and 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, V1 and V4 mean 
univariate response for aligning images that either contain or do not contain 

the sky in their upper half, divided into voxels tuned to the lower and upper 
part of 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 < 1 × 10−5, indicating within-participant significance in at least 5 out 
of 8 participants). In c and 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/Flickr85.
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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 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 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 

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 < 1 × 10−9, indicating within-participant significance 
in at least 7 out of 8 participants). c, 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. 
Connectors indicate 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 
in at least 3 out of 8 participants). In a–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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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)48, 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). This resulted in 
two-dimensional embeddings where a higher proximity between two 
areas reflects a stronger 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-
tent of visual areas, leading to reconfigurations of these areas’ represen-
tational relationships. Are these reconfigurations rigidly preserving the 
typical representational relationship configuration properties revealed 
above, or is 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 
controlling images 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 an illustrative example, the controlling 
images suppressing V1 while driving V2’s univariate responses moved 
V1 closer to V3 than to V2, thus negating the first property, and moved 
V1 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. 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.  
c, 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 V1 and PPA 
(blue condition), driving EBA while suppressing FFA (yellow condition) or 
suppressing V1 while driving V2 (red condition). In a–d, the opaqueness of 
the lines 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/Flickr85.
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Together, these results provide a unified picture of how visual areas 
jointly represent the world as an interconnected network. We showed 
that representational relationships between visual areas adaptively 
vary around a typical 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
In silico discoveries empower and accelerate empirical research but do 
not replace it; these discoveries need to be validated empirically. Thus, 
we complemented the above results for areas V1 and V4—which were 
cross-participant validated on in silico fMRI responses—with empirical 
validation on in vivo fMRI responses.

We conducted an fMRI experiment where we presented an inde-
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 
V1 and V4 in the new participants using population receptive field 
(pRF) mapping49 (an illustration of the pRF experiment and the V1/
V4 delineations are shown in Extended Data Fig. 8b,c). We found 
that the controlling images 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 < 1 × 10−4, 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 a new exploratory neural control method for investigating 
representational relationships.

Discussion
We investigated representational relationships between early-, 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, thus indicating shared or unique representational content. Clos-
ing the empirical cycle, we validated the in silico discoveries on in vivo 
fMRI responses by presenting the controlling images to independent 
participants.

Representations are the key concept in theories of information 
processing in visual cortex9,11–13,50,51, and because visual processing is 
supported by the concerted effort of multiple areas1–8, understanding 
how visual cortex works requires a joint investigation of the represen-
tational relationships between such areas. Thus, RNC invites a perspec-
tive shift from asking ‘What does each area represent?’ to asking ‘What 
is the relationship between representations in different areas?’. RNC 
answers the latter question by applying neural control29,38,39,52–59 jointly 
to multiple cortical areas, thus determining the causal role of specific 
visual input to their representational relationships53,60. Hence, RNC 
extends existing anatomical2 and functional17 connectivity research 
assessing the brain as a complex interconnected network with the 
concept of representation. Representations being the material of 
information processing and transfer9,13,61, 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 in silico fMRI responses jointly for areas across the visual cortical 
network. This confirmed representational properties known from 
investigating these areas in isolation, for example, that V1 is tuned to 
high spatial frequencies34, that V4 is tuned to object-like shapes36 and 
that both areas are tuned to topological image properties44. Jointly con-
trolling multiple areas additionally revealed network-level properties 
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Fig. 8 | In-silico-discovered controlling images control in vivo fMRI responses 
of independent participants. a, We tested whether the images 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/Flickr85.  
b, Univariate RNC in silico results. c, Multivariate RNC in silico results.  
d, Univariate RNC in vivo results. Small black points indicate in vivo univariate 
fMRI responses 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 

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 < 1 × 10−4, indicating within-participant significance 
in at least 4 out of 8 participants for the in silico results or 4 out of 6 participants 
for the in vivo results). Opaque and transparent dots, diamonds and squares 
represent participant-average and single-participant results, respectively. Error 
bars reflect 95% confidence intervals.
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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 
decrease in anatomical connectivity with increasing distance between 
areas5, as well as other gradual changes along the visual hierarchy such 
as increasing receptive field sizes62 and increasingly complex functional 
specialization1. 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 RSC63) demonstrates that RNC is sensitive to fine-grained 
representational differences. Furthermore, the successful control of 
RSC—an area that, beyond visual navigation, is also involved in memory 
and planning64—suggests that RNC could also reveal representational 
relationships properties of more anterior areas that contribute to visual 
processing, such as ventrolateral prefrontal cortex65. 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 from all 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 stimuli are found using large amounts of in silico neural 
responses generated by encoding models29,52–54,57. Next, to ensure that 
the controlling stimuli truly elicit the neural response state of interest, 
these stimuli are empirically validated on in vivo neural responses53,54,57. 
Finally, to elicit more complex neural response states of interest, mul-
tiple neurons or areas are jointly controlled29,53. 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 
brain response levels, RNC jointly 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 
relationships between areas, suggesting that visual cortex multiplexes 
diverse neural codes for visual information processing9,61,66 and, in turn, 
encouraging the integrated analysis of diverse neural response levels.

RNC embodies a research paradigm combining the advantages of 
in silico neural response exploration with empirical validation of find-
ings on in vivo neural responses53,54,57,67,68. In silico exploration takes the 
power of recently emerging large-scale in vivo neural datasets27,33,69–71 to 
the next level. In vivo neural responses are available in limited numbers 
and are expensive and slow to acquire. By contrast, after initial training 
on an in vivo dataset, encoding models cheaply and quickly generate in 
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 with in vivo 
responses, thus reducing the effect of noise on results19,29. 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.

The key limitation of RNC lies in the component that empowers it: 
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 models72–75 
using large in vivo datasets27,33,69–71 that also include out-of-distribution 
components28,33,75 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 V1 and V4 univariate fMRI responses 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 
responses in the alignment control condition driving both areas and 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-
able visual patterns, which indicated that the shared representational 
content of these two areas’ multivariate fMRI responses is dominated 
by image topological properties. When no stimulus feature dominates 
the fMRI response magnitude, RNC instead exploits multiple features, 
resulting in images with multiple controlling visual features that com-
plicate interpretation. 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 that isolate each of them, for example, by using 
parameterized artificial stimuli for targeted hypothesis testing.

Feedforward and feedback connections both shape the represen-
tational content of visual areas within the cortical visual hierarchy5,76–78. 
Therefore, beyond feedforward processing12,50, shared and unique 
representational content might also be influenced by visual stimula-
tion that either promotes (for example, with challenging stimuli79,80) 
or suppresses (for example, with visual masks81–83) 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 data84, is a prom-
ising avenue to isolate the respective influence of feedforward and 
feedback signalling on representational relationships.

In summary, using RNC, we uncovered representational relation-
ships between 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 NSD27, a large-scale 
dataset of 7 T fMRI responses from 8 participants who each viewed up 
to 10,000 distinct colour images of natural scenes from the Common 
Objects in Context (COCO) dataset85. Out of these 10,000 images, 9,000 
were participant unique (that is, 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 (‘func1pt8mm’) 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 Tables 1 and 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 fMRI responses 
for multiple voxels (that is, all voxels of a specific participant and area) 
and consisted of two components: a feature extractor shared across all 
voxels, and one projection head for each voxel (Extended Data Fig. 1a).

The feature extractor is a multilayer feedforward convolutional 
neural network called GNet27 (Extended Data Fig. 1b). Giving an image 
as input to GNet activates its 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 weights27,86. 
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 input images) 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 areas87,88.

Model training. Separate encoding models were trained for each NSD 
participant and area (V1, V2, V3, V4, EBA, FFA, PPA and RSC), resulting in 
8 participants × 8 areas = 64 encoding models. To reduce spurious sta-
tistical dependencies between the in silico (that is, model-generated) 
fMRI responses from models of different participants and areas, each 
model was trained starting from a different random initialization89.

Given an input image, 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 (that is, not averaged) NSD trials.

The encoding models’ weights were optimized on 75 epochs of the 
training data partition using batch sizes of 128 images and Pytorch’s90 
Adam optimizer with a learning rate of 0.001, a weight decay term of 
0, betas coefficients of (0.9, 0.999) and an eps term of 1 × 10−8. The final 
model weights were taken from the epoch that achieved the lowest loss 
between the predicted and target fMRI responses, 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 
r2, the total variance explained by the models. We then divided the 
r2 score of each voxel with that voxel’s noise ceiling, resulting in the 
noise-ceiling-normalized explained variance, a measure that quantifies 
the portion of the explainable variance that had been accounted for by 
the models, given the noise in the 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 
Data Figs. 2b and 3a).

Following the same procedure, we additionally tested the encod-
ing models’ out-of-distribution generalization performance on 
NSD-synthetic28. 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 (‘func1pt8mm’) from betas version 3  
(‘nsdsyntheticbetas_fithrf_GLMdenoise_RR’).

Noise analysis. Because neural noise is not predictable from the stimu-
lus images, encoding models model the signal- and not noise-related 
variability of the neural response, thus resulting in silico fMRI responses 
less affected by noise compared to in vivo responses19,29. To establish 
this empirically, we compared the noise of the in silico fMRI responses 
with the noise of the in vivo fMRI responses 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 
fMRI responses did not capture all signal variance in the NSD responses 
(Extended Data Figs. 2b and 3a), the in silico fMRI responses 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 
fMRI responses for the 515 test images (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 that each of the three in 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 remaining in vivo NSD experiment 
response trials. We conducted three such predictions, each time using 
one of the three in vivo 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 
from the 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 
one of the three in vivo NSD 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 
belonging to the same participant and area.

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

NCSNR =
σ̂signal
σ̂noise

.

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 n is the 
sample size), averaging this variance across images and then comput-
ing the square root of the result as follows:

σ̂noise = √mean (β2σ) ,

where β2σ  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

σ̂signal = √||1 − σ̂2noise||+,

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

NC = 100 × NCSNR2

NCSNR2 + 1
n

,

where n indicates the number of trials that are averaged together. We 
used n = 3 when 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. 2c,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 dataset33, 
fMRI responses of 7 participants for 3,200 naturalistic images 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 
a total of 6,400 trials per participant). The fMRI data consisted of VIR’s 
preprocessed fMRI responses in participant-native volume space, as 
provided in the data release. For model building, we selected voxels fall-
ing within areas V1, V2, V3 and 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 participant and area we 
instead lowered the NCSNR threshold to 0.4 (for the amount of retained 
voxels, see Supplementary Table 3).

For each participant, we split the images and corresponding fMRI 
responses into 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 × 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 visual illusion images (the encoding 
accuracies are shown in Extended Data Fig. 3b).

In silico fMRI response 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 the ImageNet 2012 challenge validation split31 and for the 26,107 
images from the THINGS database32 (depicting single objects presented 
centrally on natural backgrounds).

We used the trained encoding models of each VIR participant and 
area to 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 fMRI responses—that is, averaged responses across all voxels 
of a given given area—of each pairwise comparison of areas.

Univariate RNC baseline. For each area, we randomly selected a batch 
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 fMRI responses across the 25 images, resulting in a single 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 25 images from the batch with scores clos-
est to 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 
silico fMRI responses across voxels, obtaining a one-dimensional uni-
variate response 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) scores and, at the same time, resulted in in silico univariate 
fMRI responses higher or lower than the areas’ univariate response 
baselines by a margin 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 
which the two areas have aligned univariate responses (that is, images 
that either drive or suppress the responses of both areas), whereas 
the controlling images from the difference vector led to two neural 
control conditions in which 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 algorithm is 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 
corresponding in silico fMRI responses, generated through encoding 
models trained on NSD. Second, we applied univariate RNC on the 
73,000 NSD images and corresponding in silico fMRI responses, 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 
(as well as the baseline) by selecting the controlling images based on the 
in silico univariate fMRI responses 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 MDS48 on the in silico uni-
variate 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 univariate responses of each participant and area for N 
images (where N corresponds to all 73,000 NDS images, or to the 25 con-
trolling images from a chosen univariate RNC control condition). Next, 
we averaged these univariate responses across participants, resulting 
in an array of shape (8 areas × N images). Finally, we reduced the dimen-
sionality of this array with MDS, resulting in a reduced array of shape 
(8 areas × 2 dimensions). We used scikit-learn’s91 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 an image 
generator and genetic optimization to generate stimulus images lead-
ing to aligned or disentangled in silico univariate fMRI responses for V1 
and V4, while at the same time being as simple as possible, thus isolating 
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 as input to DeePSiM37, a pretrained generative 
adversarial network, which used them to generate 1,000 images, and 
clamped the output image pixel values to the valid red, green and blue 
(RGB) range [0 255]. 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 
silico fMRI responses across both voxels and participants, obtaining a 
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 algorithm38,39, 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.

This resulted in a new 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 a single 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 a low PNG compression file size). We opti-
mized the images for the four neural control conditions independently 
of each other (the generative univariate RNC algorithm is 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 the initial 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 each area, the univariate response threshold consisted in the 
area’s univariate response baseline plus a margin of 0.6 (for control 
conditions driving the area’s response) or −0.6 (for control conditions 
suppressing the area’s response).

Genetic optimization algorithm. The genetic optimization assigned 
a global 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, 
plus a large penalty (1010). If a latent vector led to univariate responses 
above threshold level for both V1 and 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 to result in better sum or difference scores. Because the sum or 
difference scores were based on the univariate responses, this in 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 
algorithm used these probabilities to create a new generation of latent 
vectors, while balancing exploitation and exploration. Exploitation 
involved keeping (untouched) the 250 latent vectors with the highest 
probability scores (that is, 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 0-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 fMRI responses—that is, 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 corresponding in 
silico fMRI responses, transformed these in silico responses into RSMs 
and used RSA25 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 optimization38,39,42,43 that, through 2,000 generations, selected 
images that 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 RSMs25, resulting in one 50 × 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 correlation scores (that is, images 
most similarly represented by the two areas), whereas to disentangle 
them, we kept the 200 image batches with lowest absolute correlation 
scores (that is, images most differently represented by the two areas). 
Finally, we used these 200 highest- and lowest-ranked image batches as 
input to a genetic optimization algorithm, which used them to 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 no image repeated within 
the same batch. This increased the image batches to 1,200 (200 best 
batches + 200 best batches × 5 mutated versions = 1,200 batches). 
Exploration involved creating another 1,200 new random batches that, 
together with the 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.

We ran 2,000 genetic optimization generations and selected the 
best-performing image 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 controlling images from the ranked correlation vector led 
to an alignment of multivariate responses in the two areas (that is, 
images leading to high Pearson’s r scores 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 algorithm is visualized in Extended 
Data Fig. 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 
corresponding in silico fMRI responses, generated through encoding 
models trained on NSD. Second, we applied multivariate RNC on the 
73,000 NSD images and corresponding in silico fMRI responses, 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 controlling images 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. 
We repeated cross-validation for each unique set of seven participants, 
resulting in eight cross-validated solutions.

Multivariate RNC MDS analysis. We applied MDS48 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 N images (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 × M RSM lower triangle entries). 
Finally, we reduced the dimensionality of this array with MDS, 
resulting in a reduced array of shape (8 areas × 2 dimensions). We 
used scikit-learn’s91 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 publications27,57. All participants provided writ-
ten informed 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 Education and Psychology at 
Freie Universität 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  
(25 images 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 × 425 
pixels × 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 a button press, whenever a catch 
image containing the fictional character Buzz Lightyear appeared on 
the screen.

During the first session, we presented the 150 controlling images 
from univariate 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 
trials and 5 catch trials (that is, images containing Buzz Lightyear) and 
ended with 4 blank trials. Across all 12 runs, this resulted in 8 presenta-
tion repeats 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 a black 
border (0.2° × 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 Psychtoolbox92 and recorded fMRI 
responses during both experimental sessions.

pRF experiment. We ran the ‘multibar’ pRF experiment used in the NSD27, 
which is an adaptation of the pRF experiment used in the Human Con-
nectome Project 7 T Retinotopy Dataset49. 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 a rate of 16 Hz. Stimuli filled a 
circular region with diameter 12°. Each run lasted 300 s and included 
blank periods. Throughout stimulus presentation, a small semitrans-
parent dot (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 
experiment93. For each participant, we collected three runs of the pRF 
experiment, at the beginning of the first fMRI 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 a standard T1-weighted sequence (repetition time (TR) 1.9 s, echo 
time (TE) 3.22 ms, number of slices 176, field of view (FOV) 225 mm, 
voxel size 1.0 mm isotropic, flip angle 8°).

Functional images were acquired using gradient-echo echo planar 
imaging (EPI) at 2.5-mm isotropic resolution with partial brain coverage 

(TR 1 s, TE 33 ms, number of axial slices 39, matrix size 82 × 82, FOV 
205 mm, flip angle 70°, acquisition order interleaved, interslice gap 
0.25 mm, multiband slice acceleration factor 3). The acquisition volume 
fully covered the occipital lobe.

Dual-echo field maps were acquired during each recording session 
(TR 0.4 s, TE1 4.92 ms, TE2 7.38 ms, number of slices 38, voxel size 3 mm 
isotropic, matrix size 66 × 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  
responds to.

The optimized location parameters were transformed to eccen-
tricities and polar angle maps, which we then used to manually deline-
ate visual regions of interest V1 and V4. Delineations were constrained 
to the maximum stimulus eccentricity of the controlling images (that 
is, 8.4° of visual angle) on the basis of the eccentricity map, while the 
visual areas were identified on the basis of reversals in the polar angle 
map. To ensure specificity, the visual area delineations were drawn con-
servatively, with the dorsal and ventral boundaries drawn just dorsally 
and ventrally of the corresponding polar angle reversal, respectively 
(Extended Data Fig. 8c).

GLM. We used GLMsingle94 to estimate single-trial beta responses 
(that is, blood oxygenation level dependent (BOLD) response ampli-
tudes evoked by each image 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 function is identified from a library of candidate functions. 
Second, cross-validation is used to derive a set of noise regressors 
from voxels that have negligible amounts of BOLD variance related to 
the experiment (using an R2 threshold). Third, to improve 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 
(that is, a grey screen with no image presented). We applied GLMsingle 
with default parameters, independently to the preprocessed fMRI 
responses of each participant, session and area (that is, independently 
for the voxels of V1 and 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 each voxel. For further analyses, we retained only those voxels with 
NCSNR scores 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, that is, independently for the fMRI responses 
for the univariate and multivariate RNC images. This resulted in a differ-
ent amount of retained voxels between the two experimental sessions, 
which can be seen in Supplementary Tables 4 and 5.

Statistical testing
We assessed statistical significance using population prevalence 
testing95,96, 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 
a two-level procedure. At the first level, significance is established 
independently within each participant. At the second level, the binary 
results from the first level (that is, the counts of significant participants) 
are used to estimate the probability of this happening by chance, under 
the null hypothesis of no effect in any 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 P value 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 correction97 to 
the resulting P values; 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 P values over four tests 
(one test for 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 
controlling images 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 P values over two tests (one 
test for each neural control condition).

At the second 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 effect in any 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, k is the number of significant participants, n is 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); h5py 
(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-
LAB 2020a, 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 code to reproduce all the results is available via GitHub at https://
github.com/gifale95/RNC. To facilitate RNC adoption, the GitHub 
repository also includes Colab tutorials where users can interactively 
implement univariate and multivariate RNC on in silico fMRI responses 
of areas spanning the entire visual cortex for ~150,000 naturalistic 
images.
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Extended Data Fig. 1 | Encoding model architecture. a, Illustration of an 
encoding model that predicts brain activity in a given voxel (rtv) in response to 
images (xt). Images are passed to nonlinear feature extractors (that is, GNet), 
ηl (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 (g1,...,gN 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 

set of feature weights, w (right black rectangle), to yield predicted voxel activity. 
The feature extractors ηl (that is, GNet), the spatial pooling fields g1,...,gN, and 
the feature weights w are all optimized while training the encoding model to 
predict brain responses. 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 maps in the 
convolutional layers (indicated by red arrows; resolution of the feature maps in 
parentheses) are used as predictors of brain activity in the context of an encoding 
model. a-b, (adapted from Allen et al. 27).
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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 
fMRI responses, and the resulting error was backpropagated to update the 
encoding model weights. b, We tested the encoding models on an independent 
portion of the NSD data not used for training, consisting of fMRI responses for 
515 images seen three times by all participants, averaged across the three trials. 
Photos from the COCO image dataset/Flickr85. c, We compared the noise of the 
in silico fMRI responses 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 the in vivo NSD responses. Because the in silico fMRI 
responses did not capture all signal variance in the NSD responses, the in silico 
fMRI responses explaining more variance than the in vivo NSD responses would 
be indicative of the former being less affected by noise19,29. We carried out the 
comparison through three sets of predictions, using the in silico and the in vivo 

NSD fMRI responses for the 515 test images. Each prediction involved explaining 
in vivo single response trials from the NSD experiment with a different predictor. 
In the first set of predictions, the predictor consisted of one of the two remaining 
in vivo 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 responses is higher than the 
variance explained by both single and averaged NSD trials, indicating that the in 
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 each area; population prevalence test, one-sided, P < 10−10, indicating within-
participant significance in all 8 participants), for each area. Error bars reflect 95% 
confidence intervals.
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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 NSD27. 
The in-distribution generalization scores reflect tests on a set of 515 images and 
fMRI responses not used for training. The out-of-distribution generalization 
scores reflect tests on the 284 NSD-synthetic28 images and fMRI responses.  
b, Noise-ceiling-normalized explained variance for encoding models trained on 

the Visual Illusion Reconstruction Dataset33. 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  
38 visual illusion images from the same dataset. a-b, The noise-ceiling-
normalized explained variance scores are averaged across all voxels within  
each area.
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Extended Data Fig. 4 | Univariate RNC algorithm. Univariate RNC searches for 
images leading to aligned or disentangled in silico univariate fMRI responses of 
two visual areas. The 73,000 NSD images are fed to the trained encoding models 
of two areas, and the resulting in silico fMRI responses averaged across voxels, 
obtaining a one-dimensional univariate response vector of length 73,000, for 
each area. The univariate response vectors of the two areas are either summed 
(alignment) or subtracted (disentanglement), the sum or difference scores 
ranked, and the controlling images leading to highest and lowest scores are 
kept. This results in four sets of controlling images, each set corresponding to a 

different neural control condition. The controlling images from the sum vector 
lead to two neural control conditions in which both areas have aligned univariate 
responses (that is, images that either drive or suppress the responses of both 
areas), whereas the controlling images from the difference vector lead to two 
neural control conditions in which both areas have disentangled univariate 
responses (that is images that drive the responses of one area while suppressing 
the responses of the other area, and vice versa). Photos from the COCO image 
dataset/Flickr85.

http://www.nature.com/nathumbehav


Nature Human Behaviour

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

Extended Data Fig. 5 | Generative univariate RNC algorithm. Generative 
univariate RNC generates stimulus images leading to aligned or disentangled in 
silico univariate fMRI responses for V1 and V4, while at the same time being as 
simple as possible. A batch of 1,000 random latent vectors is given as input to 
a GAN37, 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 V1 and 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 a genetic optimization algorithm38,39, which uses them to create 
a new 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 result in images 

leading to in silico univariate fMRI responses for V1 and 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 in images that are as simple as possible 
(while keeping the in silico 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 results in an image (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 in silico univariate fMRI responses 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 area is 
suppressed, and vice versa), while at the same time being as simple as possible. 
The images 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 
for images leading to 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 
in silico fMRI responses are transformed into representational similarity 
matrices (RSMs)25, yielding one RSM for each image batch and area. The RSMs 
of the 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 areas38,39,42,43. 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 an image 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/Flickr85.
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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 
with and 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 a spatially 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 

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 
not including 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. 5c). 
Photos from the COCO image dataset/Flickr85.
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Extended Data Fig. 8 | In vivo fMRI experiments and polar angle maps. 
a, Experimental design. We presented the univariate and multivariate RNC 
controlling and baseline images during a target detection task, where we asked 
participants to press a button whenever an image with Buzz Lightyear appeared 
on the screen. Each image was presented for two seconds, followed by two 

seconds of inter-stimulus interval. Participants were asked to fixate a central red 
dot during the entire experiment. fMRI responses were collected during image 
presentation. Photos from the COCO image dataset/Flickr85. b, Screenshot of the 
pRF experiment used to delineate areas V1 and V4. c, Polar angle maps and V1/V4 
delineations. Results are shown on FreeSurfer’s sphere surface.
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