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Computational models can be used to generate hypotheses
about the brain. In the visual system, this approach has re-
vealed similarities between how natural images are represented
in convolutional neural networks and in cortical regions. How-
ever, natural images generate highly correlated representations
across the hierarchy of model layers, meaning that each brain
region will not correspond selectively to a single layer. Because
each model layer performs additional image transformations,
gaining a more selective mapping between individual layers and
regions could reveal how specific algorithmic stages of process-
ing are instantiated in the brain. To enable this mapping, we
developed a generative framework for image synthesis that min-
imizes the similarity of image representational similarity matri-
ces across model layers, aiming to orthogonalize the distances
between the patterns of unit activations evoked by the same set
of images. With the patterns orthogonalized, the resulting simi-
larity matrix for each layer provides a fingerprint of the unique
computational role of that layer. To test this approach, we syn-
thesized 16 artificial images from the Inception-V1/GoogLeNet
model and scanned participants with fMRI while they viewed
these images repeatedly in random order. Image-specific pat-
terns of voxel activity were used to compute image-by-image
similarity matrices across the whole brain with searchlights.
Most layers could be mapped to circumscribed cortical regions,
and these mappings overlapped less than the mappings obtained
with natural images. Given the prevalence of existing fMRI
datasets with natural images, we used the synthesis method as a
benchmark to develop an alternative residual method that can
achieve comparable performance for natural image datasets.
These approaches could be extended to other neural network
architectures and stimulus modalities for targeted mappings of
model computations to the brain and behavior.
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Introduction
Advances in computer vision have enabled rapid progress in
testing theories about the organization and function of the vi-
sual system. Mapping from activation in the units of neu-
ral networks — which can be easily engineered, trained, and
tested — to activation in the brain has improved our under-
standing of the nature of computations in visual cortex. Find-
ings from these studies have established parallels between
computer vision models and the brain at various levels of ab-

straction (1–3). When models are trained to produce human-
like performance, their units predict neuronal responses in
primate visual cortex (4, 5). Through careful tailoring of ar-
chitectures and training sets, both supervised (6–9) and unsu-
pervised neural networks (10, 11), have been able to capture
properties of biological vision.

Scaling up to the level of populations of neurons, as cap-
tured by non-invasive human brain imaging methods like
functional magnetic resonance imaging (fMRI), the similar-
ity of activation patterns across images matches the similarity
of unit patterns in models (3, 12–14). Further, lower layers
in the model tend to predict earlier areas along the ventral
visual stream, while higher model layers predict later areas
(2, 15), suggesting that these models may have a brain-like
processing hierarchy. Representations in the hidden layers
of these networks are sensitive to shape (16), animacy (17),
object-scene relationships (12), center-peripheral spatial dy-
namics (18), and other visual properties. These models there-
fore establish a useful analogy to how the human visual sys-
tem is instantiated in the brain, reinforced by the finding that
model representations can predict human behavioral judg-
ments (19).

However, a major challenge in using models to understand
computations in the brain is that the mapping between model
layers and visual areas is imprecise. A given model layer
can be reflected in multiple visual areas, and each visual area
can be predicted from multiple model layers. These blurred
lines and the distributed mapping of model layers in the brain
may be real, but an alternative possibility is that it results
from the fact that natural images produce highly correlated
representational structures across adjacent layers of a convo-
lutional neural network. This leads to a many-to-many map-
ping, preventing the identification of more specific links be-
tween model layers and visual areas. To address this chal-
lenge, we developed a model-based method of creating novel
abstract image sets that can distinguish the unique represen-
tations encoded at multiple stages of visual processing in the
brain.

Optimizing image sets for the expression of specific model
features is a form of image synthesis, which was initially de-
veloped to provide a window into what neural networks ‘see’
or have learned (20, 21). However, image synthesis has since
evolved into a critical tool for investigating the parallels be-
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tween neural network features and brain functions. Given the
correspondence of low to high model layers with early to late
ventral stream regions, respectively (2, 15), image synthesis
can be used to target the representational organization of vi-
sual areas. For example, to investigate higher-order visual
cortex, image sets have been synthesized that equate features
in lower layers of a neural network while manipulating the
correspondences between patterns of unit activity in higher
layers, allowing for control over representations in later re-
gions in the ventral visual processing stream (22).
Here we extend this concept and target multiple areas of vi-
sual cortex simultaneously by manipulating feature relation-
ships across multiple layers of a convolutional neural net-
work. The goal of our method is to synthesize a single image
set that exhibits a unique representational structure in every
model layer, allowing for brain responses evoked by these
images to be mapped more precisely to individual model lay-
ers. We then showed the synthesized images to human par-
ticipants while their brains were scanned using fMRI. To an-
ticipate the results, our synthesis approach revealed a more
selective mapping of model layers to cortical regions than
was possible with natural images. Because of the widespread
availabilty of valuable fMRI datasets with natural images, we
also present a second method based on residual regression
that can be used with such datasets to achieve similarly pre-
cise mappings.

Materials and methods
Image synthesis. We developed an approach to create im-
age sets that allow unique mappings from individual layers
of a convolutional neural network (CNN) to the human brain.
The main objective for such image sets is that the similar-
ity of unit activation patterns for all pairs of images — the
representational similarity matrix (RSM) — in each layer is
orthogonal to the RSM of all other model layers. This crite-
rion is not met with natural images. To generate images, we
used the Inception-V1 model architecture (also referred to as
GoogLeNet; Depth/Blocks: 22; Layers: 144) (23).
There are three main reasons why we selected a CNN model
in general and this specific architecture in particular. First,
in pilot studies, Inception-V1 generated the most perceptu-
ally diverse and interesting images, making it suitable for
psychological experiments with humans in the fMRI scan-
ner. Second, in our prior work, we were able to generate
images that parametrically manipulated pairwise image sim-
ilarity in higher-order visual cortex (22). Third, several prior
studies have mapped CNN layers to brain regions in the vi-
sual processing hierarchy (3). We do not claim that this is the
best model for object or visual recognition in the brain; other
models may offer superior performance. However, CNNs
have been widely studied in terms of their correspondence
with brain activity and often result in many-to-many map-
pings between model layers and cortical regions. The aim of
this paper is to explore whether the same types of models,
used generatively, could lead to a more selective mapping.
In Inception-V1, we focused on the first three convolutional
layers and all subsequent mixed-pooling layers. In addition

to achieving the desired feature correspondences across lay-
ers, we also aimed to ensure that the images were visually
rich and distinguishable. To this end, we started with 16 vi-
sual noise arrays (Fig. 1A), which were optimized iteratively
28,800 times to enhance the activation of one of the learned
feature channels from the model. We ensured that the images
contained a broad distribution of RGB values, promoting im-
ages that were more vibrant and saturated in color.
Using these 16 colorful images as a starting point, we com-
puted the 16 image x 16 image RSM describing the relation-
ships (i.e., Pearson correlations) between all pairs of unit ac-
tivation patterns for the 16 images in each of the 12 selected
layers (Fig. 1B). This resulted in 12 layer-specific RSMs.
Next, we computed the second-order similarity between all
pairs of these layer-specific RSMs, producing a 12 layer x 12
layer correlation matrix describing the relationships among
the representational structure in each layer (Fig. 1C). Finally,
we calculated the sum of squares of this correlation matrix,
providing a single metric that, when minimized, enhances the
distinctiveness of the representational structures across lay-
ers. On each of 1,800 iterations, the pixels of the 16 images
were simultaneously updated with the optimization objective
of reducing this second-order sum of squares metric using
gradient descent.

fMRI task design. We collected up to eight task runs (375 s
each) of fMRI data from 30 human participants. During each
run, participants viewed five repetitions of each of the 16 syn-
thesized images. The images were presented one at a time in
the center of the screen (Fig. S1). The sequence of images
in each run was constructed pseudo-randomly, with the con-
straint that each of the 16 synthesized images would be pre-
sented exactly 5 times each (for a total of 80 image presenta-
tions) without back-to-back repetitions. Each image was pre-
sented for 1.5 s, with inter-stimulus intervals between trials
jittered with equal probability at 1.5, 3, or 4.5 s. To ensure at-
tention, participants were required to monitor the images for
infrequent trials (10% of trials) where a small square within
the displayed image was presented in grayscale instead of its
normal color. Participants indicated that they detected a tar-
get image by pressing a button on a handheld button box.

Participants. Thirty healthy young adults (age range: 19–33
years, 19 female) with normal or corrected-to-normal visual
acuity took part in the fMRI experiment. All participants pro-
vided written informed consent before the experiment and re-
ceived payment for their participation. The experiments were
approved by the Institutional Review Board at Yale Univer-
sity. The experiment was completed in a single session last-
ing for 1.5 hours.

Data acquisition. Data were acquired using a 3T Siemens
Prisma MRI scanner with a 64-channel head coil in the Brain
Imaging Center at Yale University. Eight functional runs
were collected from most participants (n=23), but delays or
other constraints led to seven (n=4) or six (n=3) runs in some
participants. Functional data were acquired using a multi-
band echo-planar imaging (EPI) sequence (TR = 1,500 ms;
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Figure 1. Image synthesis process. (A) The 16 synthesized images begin as
16 random visual noise images input to the CNN. (B) The pattern of activation for
each image across units in a given model layer is then correlated with the pattern
for every other image to generate a 16 image by 16 image RSM for each layer. (C)
These 12 RSMs are vectorized and correlated with each other to create a 12 layer
by 12 layer second-order correlation matrix. This matrix is squared and summed,
providing a single metric that captures the overall similarity of representational struc-
tures across model layers. This metric is used as the cost function to update pixels
in the synthesized images through backpropagation such that the sum of squares
is iteratively minimized. (D) The final synthesized images successfully elicited a
second-order correlation matrix with minimal values; that is, RSMs for each of 12
model layers were as distinct as possible from one another. (E) As a control, we
computed the second-order correlation matrix for sets of 16 natural images ran-
domly selected from Natural Scenes Dataset (NSD). The RSMs for these images
were more strongly correlated across layers than the RSMs for the synthesized im-
ages. (F) One of the natural image sets from NSD. (G) Average correlation between
all pairs of layers (green portion of inset RSM) for the final synthesized images (blue
line) was lower than any of the average layer correlations from 5,000 sets of 16 nat-
ural images from NSD (gray histogram). (H) The result was virtually identical when
focusing on the average second-order correlations of adjacent layers.

TE = 32 ms; voxel size = 1.5 mm isotropic; flip angle = 64°;
multiband factor = 6), yielding 90 axial slices. Each run con-
tained 250 volumes. For field-map correction, two spin-echo
field map volumes (TR = 11,220 ms; TE = 66 ms) were ac-
quired in opposite phase-encoding directions; the field maps
otherwise matched the parameters of our functional acquisi-
tions. We also collected a whole-brain T1-weighted magne-
tization prepared rapid gradient echo (MPRAGE) image (TR
= 1,960 ms; TE = 2.26 ms; voxel size = 1 mm isotropic; flip
angle = 8°; GRAPPA acceleration factor = 2; 208 sagittal
slices), a high-resolution T2-weighted turbo spin-echo (TSE)
image (TR = 11,170 ms; TE = 93 ms; voxel size = 0.4 × 0.4
× 1.5 mm; flip angle = 150°; distance factor = 20%; 54 coro-
nal slices perpendicular to the long axis of the hippocampus),
and a whole-brain T2-weighted turbo spin-echo (TSE) image
(TR = 3,200 ms; TE = 565 ms; voxel size = 1 x 1 x 1 mm;
flip angle = Variable; 176 sagittal slices).
We also performed a secondary analysis on the Natural
Scenes Dataset (NSD), which consists of 7T fMRI data from
eight participants viewing scene images (age range: 19–32
years, 6 female). See the original paper for full details on the
task and sequences (24).

Data preprocessing. We preprocessed each functional run
using the FEAT tool in the FMRIB Software Library
(FSL) (25). Preprocessing included brain extraction, slice-
timing correction, high-pass filtering with a 100-s cutoff,
and alignment to the run’s middle functional volume using
MCFLIRT (26). We also used FSL’s topup tool (27) to ad-
dress susceptibility-induced distortions with the field maps.
The functional runs were aligned to each participant’s T1-
weighted anatomical image through boundary-based regis-
tration and to the standard MNI space using FLIRT (26, 28),
with 6 and 12 degrees of freedom, respectively. Analyses
of individual runs were performed in the participant’s native
EPI space. Group-level analyses were conducted in standard
MNI space.

Defining image representations. We analyzed functional
runs using FSL’s FEAT tool (25, 29, 30). We generated an ex-
perimental design file for each of the 16 images by convolv-
ing the onsets for that image with a double-gamma hemody-
namic response function (HRF). This produced a regressor
for each of the 16 images in each run and participant. With
this design, we used a mass-univariate general linear model
(GLM) to estimate every voxel’s average BOLD response to
each image. The GLM therefore produced voxelwise whole-
brain maps of beta weights for each image in each run, re-
flecting the characteristic pattern of brain activity (i.e., the
representation) for that image. These maps were transformed
into the participant’s T1-weighted anatomical space and stan-
dard MNI space.

Searchlight analysis of representational stability. We
conducted a whole-brain searchlight analysis to validate
these image representations by testing their stability across
runs. Surrounding each voxel in the whole-brain map, we ex-
tracted the patterns of activity from a 7 x 7 x 7 cube of vox-
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els. We tested whether this pattern for one image and run was
more similar to the pattern for that same image in another run
than it was to the patterns for other images in the other run
(Fig. S2). For each participant and searchlight, we computed
within- versus between-image similarity across runs for all
16 images (A, B, C, ..., P). Within-image similarity was cal-
culated as the average Pearson correlation between presenta-
tions of the same image across all pairings of the eight runs.
For example, image A in run 1 was correlated with image A
in run 2, run 3, run 4, etc.; image B in run 1 was correlated
with image B in run 2, run 3, run 4, etc. This led to 448 total
comparisons (8 choose 2 for each of the 16 images).
Between-image similarity was calculated as the average Pear-
son correlation between searchlight patterns of activity for
different images across all pairings of the eight runs. For ex-
ample, image A in run 1 was correlated with image B, image
C, etc. up to image P, in run 2, run 3, run 4, etc. Because this
produced a much larger number of pairings than the within-
image similarity metric (8 choose 2 x 16 x 15 = 6,720) we
randomly subsampled 448 values to match the number of
values averaged into the estimate of within-image similar-
ity. This resampling procedure was repeated 5,000 times to
generate a sampling distribution of between-image similar-
ity values. To quantify the representational stability in each
searchlight, we computed the z-score of the within-image
similarity with respect to the distribution of the resampled
between-image similarities. This metric served as the out-
put value for each searchlight and was computed across the
whole brain for each participant, yielding a voxelwise map of
representational stability. The statistical significance of the
stability at each searchlight was calculated at a group level in
standard space with FSL’s randomise and corrected for mul-
tiple comparisons with threshold-free cluster enhancement
(TFCE). The resulting map of stable representations was used
to generate masks for later analyses.
For the secondary NSD dataset, 16 sets of 16 natural images
were chosen. Following the same procedure as for the syn-
thesized images, in each participant and image set we con-
ducted a searchlight analysis by computing within- versus
between-image neural similarity throughout the brain. These
searchlight results were then averaged across the 16 sets
within-participant and statistical significance was assessed at
the group level with randomise and TFCE.

Searchlight analysis of model layers with synthesized
images. After establishing stability, our main analyses fo-
cus on establishing model-to-brain mappings. To achieve
this, we used a whole-brain searchlight approach to local-
ize model layers within the brain at the group level. We
first compiled the fMRI data in standard space for all par-
ticipants. Next, within each searchlight, we calculated a 16
image by 16 image RSM by correlating the beta values from
the voxels within the searchlight for all pairs of the 16 syn-
thesized images. We then averaged these RSMs across all
but one held-out participant and fit a linear regression model
predicting the upper triangle of the averaged matrix for the
searchlight from the corresponding upper triangle of the 16
image by 16 image RSM describing the relationships among
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Figure 2. Mapping model layers to the brain. Sets of 16 synthesized images and
16 natural images were presented to both human participants and a CNN model.
Activity patterns for each of the 16 images in a set were extracted across voxels in
a local brain searchlight and across all of the units in a selected model layer. We
computed the pairwise correlation of these activity patterns across the images in
each set, resulting in a 16 image by 16 image RSM for the brain searchlight and
the model layer. For each model layer independently, we fit a leave-one-participant-
out cross-validated linear regression model predicting the searchlight RSM from the
layer RSM with data from the entire sample (‘train’; black) except for one held-out
participant (‘test’; gray). We finally tested the regression model using the learned
weights (Xβ) to predict the searchlight RSM of the held-out participant, and evalu-
ated the prediction against their actual searchlight RSM. This produced a measure
for each participant of how well every model layer explained the representational
structure of each searchlight in the brain, which we normalized to the variance ex-
plained by a randomized null distribution.

unit activation patterns in a selected model layer. The learned
model-to-brain regression weights were then used to predict
the held-out participant’s RSM. This prediction was evalu-
ated against the actual searchlight RSM from the held-out
participant with R-squared. We cross-validated this analysis
such that each participant was held out and the whole proce-
dure was repeated for each of the 12 model layers, resulting
in a cross-validated R-squared statistic for each layer in each
searchlight.

We normalized these R-squared values against an empirical
null distribution established by shuffling the upper triangle of
each searchlight’s RSM, thereby obliterating any real associ-
ations between model and brain that might have been present.
In these scrambled data, the entire leave-one-participant-out
cross-validated linear regression analysis detailed above was
completed, and this process, with unique sets of scrambled
data, was repeated 500 times. The true R-squared for each
searchlight was converted to a z-score with respect to this
null distribution. The result was a whole-brain, voxelwise
searchlight map of z-scores for each layer and participant
reflecting how well the representational space of that model
layer explained the representational space of their local brain
responses. The statistical significance of these model-layer
fits was calculated at the group level for each layer with ran-
domise and TFCE. For the mapping between model layers
and neural representations to be meaningful, a prerequisite
is that a given cluster of voxels shows stable image repre-
sentations. Therefore, we restricted analyses to the voxels
established in the preceding analysis that exhibited represen-
tational stability across runs.
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Searchlight analysis of model layers with NSD images.
The searchlight analysis pipeline above for the synthesized
images was repeated for each of the 16 sets of 16 NSD im-
ages. The z-score searchlight maps for each layer were aver-
aged across image set within-participant prior to group anal-
ysis. We also analyzed each set separately at a group level to
check the consistency across sets.

Searchlight analysis of model layers with NSD images
with residual method. A critical extension of the above
analyses — the “residual method” — was designed to iden-
tify brain patterns uniquely associated with each model layer
even when using NSD images, which normally overlap con-
siderably across model layers. The core objective was to re-
move all variance in each searchlight RSM that could be ex-
plained by all model-layer RSMs other than the model layer
currently being fit. To achieve this, we added a residualizing
step in the linear regression model fitting. The resulting fit of
the RSM for that model layer to the residual of the search-
light RSM thus reflects the unique variance the model layer
explains with respect to the other model layers. This provides
an alternative to our image synthesis approach that can allow
the identification of orthogonalized brain mappings for each
model layer in the absence of image synthesis (i.e., using pre-
existing natural images).
The residual method was performed for a model layer of in-
terest by predicting the upper triangle of the searchlight RSM
with a multiple linear regression containing 11 predictors cor-
responding to the upper triangles of all other layers; the upper
triangle of each model layer’s RSM and each searchlight’s
RSM were z-scored in advance. The residual of this regres-
sion (i.e., the unexplained variance in the searchlight RSM)
was extracted and fit with a simple linear regression that used
the upper triangle of the held-out model layer’s RSM as its
sole predictor. Otherwise, the remainder of the pipeline mir-
rored that for the synthesized images.

Overlap analysis. To assess the degree of neural overlap be-
tween the searchlight map for one base layer (M) with respect
to another layer (N), we computed the ratio of the number of
significant voxels (after correction) shared between the two
maps (intersection of M and N) to the total number of sig-
nificant voxels in the base map (M). In other words, what
proportion of the map M was shared with N. This resulted
in a 12 layer by 12 layer overlap matrix. Note that this ma-
trix can be asymmetric, as the proportion of M shared with
N does not necessarily equal the proportion of N shared with
M. For example, consider what would happen if M is a subset
of N with only half as many significant voxels: the ratio M:N
would be 1.0, whereas the ratio N:M would be only 0.5.
To assess whether the image synthesis method improved the
specificity of the mappings between model layers and the
brain, we compared the mean of all off-diagonal elements
of the overlap matrix for synthesized images to the distribu-
tion of mean overlaps of the searchlight maps from the NSD
images. We used bootstrap resampling to generate this dis-
tribution. After computing a separate overlap matrix and the
off-diagonal mean for each of the 16 NSD image sets, we

randomly sampled 16 values from these 16 means with re-
placement and calculated the grand mean of these 16 values.
This was repeated 5,000 times to produce a distribution with
which the mean overlap for the synthesized images could be
compared. We repeated this same analysis with a focus on the
overlap of only adjacent model layers (elements one off the
diagonal, both above and below), as opposed to all possible
pairings of layers.
As mentioned, we also developed a residual regression
method to test whether it would allow for layer-specific map-
pings to be found even with natural images. To determine
whether this method was as effective as our approach, we also
compared the mean overlap for our synthesized images to the
distribution that results from applying the residual method to
the NSD images.

Results
Image synthesis. We used image synthesis to generate an
artificial stimulus set with distinct representational similarity
patterns across layers of a CNN model. The algorithm began
with a set of 16 randomly initialized images and iteratively
refined the images using backpropagation, with the objective
of minimizing the similarity of RSMs across all 12 layers.
This procedure was sucessful in reducing the pairwise cor-
relations of layer-specific RSMs to around zero (Fig. 1C).
This was considerably lower than for natural images (Fig.
1E; p ≪ 0.0001), both for all pairs of model layers (Fig. 1G)
and when only considering adjacent model layers (Fig. 1H).
We therefore used the synthesized image set (Fig. 1D) for the
fMRI task.

Representational stability. The synthesized images were
shown to participants repeatedly during fMRI. Because they
were novel and abstract stimuli, we first asked which brain
regions exhibit stable representations of the images across
repetitions, to provide a basis for later mapping of model
layers. We used a searchlight analysis to assess the sta-
bility of the neural representations of the images. Specifi-
cally, we identified clusters of voxels that exhibited higher
across-run similarity for repetitions of the same image com-
pared to presentations of two different images (TFCE cor-
rected, p < 0.05). We observed representational stability
throughout visual cortex in the occipital and parietal lobes,
extending to regions of lateral prefrontal cortex (Fig. S3A).
This widespread representational stability indicates that our
synthesized images elicited reliable patterns of neural activ-
ity throughout the visual processing hierarchy, ranging from
lower-order to higher-order regions. This cortical map of rep-
resentational stability was converted to a binary mask, which
was applied to select which voxels were used in subsequent
analyses. This ensured that we were only attempting to use
the model to predict neural representations that were them-
selves reliable.
A parallel analysis was performed for natural images (av-
eraging across 16 NSD image sets). The representations of
natural images were likewise most stable in visual cortex, ex-
tending into ventral temporal cortex (Fig. S3B).
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Figure 3. Localization of model layers based on synthesized images. Leave-
one-participant-out linear regression analysis predicting the RSMs of fMRI activ-
ity patterns in each searchlight from RSMs of unit activation patterns in the 12
CNN model layers for the synthesized images. (A) Posterior view of whole-brain
searchlight results for each model layer masked based on representational stability.
Depicted clusters survived whole-brain correction for multiple comparisons (TFCE,
p < 0.05). The large clusters for layer 1’s mapping may reflect weak but broadly
distributed signals that are retained as significant by the TFCE method; in support
of this, a more traditional cluster-thresholding approach yielded a more selective
map (Fig. S4). (B) Consolidated map of all layers with voxels labeled according to
which (if any) model layer had the maximum t-statistic. For example, if the t-statistic
for layer 12 exceeded that of all other layers in a region, the region was colored
purple.

Mapping model layers in the brain. We used a searchlight
analysis to identify which brain regions contained representa-
tions that mirrored the representations encoded in each layer
of the CNN model. The logic of using synthesized images
is that the representational structures of these images were
orthogonalized across layers (by design), with the goal of ob-
taining more selective layer mappings in the brain. We used
a leave-one-participant-out linear regression approach to ob-
tain these mappings. For each model layer and searchlight,
a linear regression was fit between the layer’s RSM for the
synthesized images and the brain’s RSM for the synthesized
images, using all participants except for one held out par-
ticipant. The regression model’s performance was tested by
attempting to predict the held-out participant’s RSM in that
searchlight. This procedure was repeated across all search-
lights for each participant, resulting in a group-level map of
the expression of each of the 12 selected layers (TFCE cor-
rected, p < 0.05). We then used the results from our previous
representational stability analysis to generate a mask so that
the layer mappings to the brain included only areas that had
consistent image representations. Model layers 1-5, 7, 9-10,
and 12 were significantly represented in the brain (Fig. 3).
Model layers were also localized in the brain using 16 sets of
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Figure 4. Localization of model layers based on natural images. Leave-
one-participant-out linear regression analysis predicting the RSMs of fMRI activity
patterns in each searchlight from RSMs of unit activation patterns in the 12 CNN
model layers for the natural images. The results have been averaged over 16 sets of
natural images from NSD, though there was some variability across sets (Fig. S5).
(A) Posterior view of average whole-brain searchlight results for each model layer
masked based on representational stability. Depicted clusters survived whole-brain
correction for multiple comparisons (TFCE, p < 0.05). (B) Consolidated map of all
layers with voxels labeled according to which (if any) model layer had the maximum
t-statistic.

16 natural images from NSD. The searchlight results for each
layer were first averaged across the 16 sets within-participant,
resulting in a group-level map for the 12 selected layers, anal-
ogous to the synthesized images (TFCE corrected, p < 0.05).
However, in contrast to the synthesized images, the represen-
tations of natural images in the CNN layers were expressed
broadly throughout occipital, parietal, and temporal lobes
and, critically, in a very similar way across all layers (Fig. 4).
That is, natural images appear to produce considerably more
overlap across layers than the synthesized images, which we
quantify in the next section.

Overlap analysis. We hypothesized that synthesizing im-
ages with the objective of orthogonalizing the representa-
tional similarity of those images across layers would lead to
a more selective mapping of the layers in the human brain.
We quantified this selectivity by computing the normalized
overlap of the searchlight maps for different CNN layers with
synthesized vs. natural images. The overlap of the map for
one layer (M) with respect to another layer (N) was calculated
as the ratio of voxels that were significant (TFCE corrected,
p < 0.05) in both M and N to the total number of voxels that
were significant in M (Fig. 5A).
This overlap analysis revealed a robust difference in the de-
gree of overlap between the mappings of CNN layers for syn-
thesized vs. natural images. Specifically, the synthesized im-
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Figure 5. Overlap of searchlight maps for synthesized and natural images.
(A) Venn diagram with the two circles (red and green) indicating the set of signifi-
cant voxels in the searchlight maps for two layers (M and N): m is the voxel subset
unique to M, n is the voxel subset unique to N, and mn is the voxel subset shared
between M and N. The overlap of M with N was defined as the ratio of shared voxels
(mn) divided by the total number of M voxels (mn + m); likewise, the overlap of N
with M was shared (mn) divided y total N voxels (mn + n). (B) The overlap met-
rics between all pairs of 12 layers in both directions for the synthesized images. (C)
The overlap metrics between all pairs of 12 layers in both directions for the natural
images from NSD. (D) We used bootstrap resampling to compare the average pair-
wise overlap metric for searchlight maps generated from synthesized vs. natural
images. We estimated the overlap for synthesized images (blue line) as the mean
of off-diagonal values (excluding layers 6, 8, and 11 with no significant voxels) in
the layer overlap matrix from subpanel B. This mean was compared to a sampling
distribution of the off-diagonal mean overlaps for natural images (gray histogram)
derived by bootstrap resampling of the 16 NSD image sets with replacement 5,000
times. (E) The same procedure as subpanel D restricted to adjacent model layers.

ages produced less overlap for almost all layer comparisons
(Fig. 5B) than natural images from NSD (Fig. 5C). This
observation was verified statistically by comparing the mean
off-diagonal layer overlap for the synthesized images to a
sampling distribution for natural images estimated with boot-
strap resampling across image sets (p = 0.0018; Fig. 5D).
This result replicated when focusing on only adjacent layers
most likely to overlap (p = 0.0036; Fig. 5E). These findings
suggest that image synthesis helps localize and differentiate
brain regions preferentially involved in layer-specific compu-
tations.

Residual method. Although image synthesis may be an ef-
ficient way to find selective representations of model layers
in the human brain, this requires the collection of new fMRI
data, which comes at the cost of time and resources. We thus
developed an alternate “residual method” that can achieve
similar layer selectivity with existing fMRI datasets in which
participants view natural images. Rather than synthesizing
stimuli to orthogonalize RSMs across model layers, we in-
stead used a regression approach to orthogonalize the RSMs
obtained with natural images prior to final analysis, isolating
the variance in representational structure unique to a given
layer. Namely, using multiple linear regression for each layer
and searchlight, we fit a model predicting the RSM of fMRI
activity in each searchlight with the RSMs from all model
layers except for one held-out layer. The residuals of this
model represent the unique variance in the representational
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Figure 6. Localization of model layers based on natural images with resid-
ual method. Leave-one-participant-out linear regression analysis that predicted
RSMs throughout the brain from the RSM for one model layer after regressing out
all other model layers. The results have been averaged over the 16 sets of natural
images from NSD, though there was variability in localization across sets (Fig. S6).
(A) Posterior view of average whole-brain searchlight results for each model layer.
Depicted clusters survived whole-brain correction for multiple comparisons (TFCE,
p < 0.05). (B) Consolidated map of all layers with voxels labeled according to which
(if any) model layer had the maximum t-statistic. (C) The overlap metrics between
all pairs of 12 layers in both directions for the natural images from NSD after the
residual method. (D) Comparison of mean off-diagonal of layer overlap matrix for
synthesized images (blue line) to the bootstrapped sampling distribution for natural
images after residual method. (E) The same procedure as D but restricted to over-
lap metrics from adjacent layers.

structure of that searchlight that remains unexplained by the
other 11 layers. We then used the RSM from the held-out
12th layer as a predictor to fit to this remaining residual vari-
ance. The amount of layer-unique variance was quantified in
a leave-one-participant-out manner.
The mapping of individual model layers to the brain (TFCE
corrected, p < 0.05) was more selective with this residual
method than in the original analysis of natural images, in
terms of the searchlight maps (Fig. 6A-B) and layer over-
lap matrix (Fig. 6C). Using the residual method, the amount
of layer overlap in the brain for natural images was not sta-
tistically different than for synthesized images both across
all layer pairs (p = 0.85; Fig. 6D) and when restricted to
adjacent layers (p = 0.96; Fig. 6E). This demonstrates that
the residual method achieved comparable selectivity to image
synthesis while leveraging an existing natural image dataset.

Discussion
We developed a synthesis method for generating artificial im-
age sets that are almost entirely distinct in their represen-
tational geometry across the layers of a CNN model. This
enabled layer-specific predictions that mapped selectively to
the brain. Strikingly, the majority of model layers (1-5,
7, 9-10, 12) could be mapped to cortical regions that were
both anatomically consistent and generalizable across partic-
ipants. Our synthesis approach also yielded much lower over-
lap across layers than what was obtained with sets of natural
images.
This study builds on previous evidence that neural networks
provide a useful analogy to the brain (2, 15, 22). Follow-
ing the lineage of work that has engineered single images
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to manipulate visual-evoked activity in macaque (1) and hu-
man brain regions (31), our method, using a relatively small
set of images, can drive unique relationships between pat-
terns of activity across several brain regions simultaneously
(c.f. (22)). Critically, this synthesis method increases experi-
mental efficiency by allowing studies to target specific visual
features or stages of processing with modest amounts of data.

Although we found layer-selective cortical regions for many
of the model layers using synthesized images, their localiza-
tion did not follow an obvious hierarchical structure in the
brain, which appears inconsistent with related work (2, 15).
This difference could be related to the dependence of CNN
models on low-level features and textures (see Fig. 2 of (32)),
which are traditionally associated with early visual cortex
(33, 34). This existing tendency may be further compounded
by the abstract nature of the synthesized images, which do
not contain the identifiable discrete objects, scenes, or com-
positional structure that would traditionally be the domain of
higher-level or category-selective visual areas like LO and IT.
Future studies will be needed to synthesize images based on
features from later layers or from other model architectures,
including those that have been trained to be less dependent
on texture (32).

However, it is not always feasible to collect a new fMRI
dataset with synthesized images, and there are many avail-
able datasets with naturalistic images (24, 35, 36). To iden-
tify precise layer representations in the brain using such ex-
isting datasets, we developed a residual method that attained
comparable performance to the synthesized images in terms
of distinctive layers. Further, unlike the synthesized images,
residualized naturalistic images revealed a pronounced hier-
archical structure (Fig. 4B and 6B). While this is desirable,
the model-to-brain correspondences were inconsistent (Fig.
S6), generating variable layer fingerprints. This highlights
the inherent limitations of using existing data: mapping sta-
bility is constrained by the scale and quality of the dataset.
Thus, while residual methods are well-suited for exploratory
research with limited resources, synthetic approaches offer
superior flexibility and precision for hypothesis-driven stud-
ies.

The high correlation across model layers for natural images
raises the question of how the synthesis method successfully
orthogonalized RSMs. One interpretation is that the synthe-
sized images occupy parts of the representational landscape
where feature transformations are most prominent across lay-
ers (see Supporting Information; Fig. S7). By enforcing
good coverage of this part of the space, synthesis captures the
unique transformation of each layer with relatively few stim-
uli, something that the manual selection of natural images
cannot guarantee. Though synthesis may highlight layer-
specific transformations, both synthesized and residualized
natural images led to partial overlap across model layers in
the brain, highlighting the challenge of one-to-one layer-to
brain region mapping. This may arise because the simplic-
ity of feedforward CNNs, which do not reflect the complex
additional recurrent connections that characterize the ventral
visual stream (3, 37) and have been incorporated into newer

models (e.g., (38)).
In sum, our findings indicate that computer vision models can
be used generatively to develop stimulus sets capable of tar-
geting and distinguishing different stages of visual computa-
tion in the brain. As a complement to this novel approach, we
also developed a statistical technique for producing similar
orthogonalization using pre-existing natural image datasets.
Together, these approaches provide a toolkit that can be used
for precise model-based interrogation of the complex com-
putations that allow the human brain to achieve higher-order
vision, which in turn, will inform the refinement of computa-
tional models as better analogs for the brain.

Code and data availability
The code and data of this study will be made publicly avail-
able following the acceptance of this manuscript.
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