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Abstract

Recent large-scale vision fMRI datasets have been invaluable resources to the
vision neuroscience community for their deep sampling of individual subjects
and diverse stimulus sets. However, practical limitations to the number of sub-
jects, stimuli, and trials that can be collected prevent individual fMRI datasets
from reaching the scale necessary for modern modeling approaches and robust
conclusions. Here, we introduce MOSAIC (Meta-Organized Stimuli And fMRI
Imaging data for Computational modeling), a fMRI dataset aggregation frame-
work designed to leverage the richness of individual datasets for computationally
intensive modeling and robust tests of generalization. MOSAIC is composed of
eight large-scale vision fMRI datasets totaling 93 subjects, 430,007 fMRI-stimulus
pairs, and 162,839 naturalistic and artificial stimuli. A shared fMRI preprocess-
ing pipeline and a filtered test-train split minimizes dataset-specific confounds
and test-set leakage when aggregating the datasets. Crucially, additional datasets
can be integrated into MOSAIC post hoc, allowing MOSAIC to evolve accord-
ing to the community’s interests. We use MOSAIC to show that perceptually
diverse stimulus sets consistently improve decoding accuracy and stability, car-
rying implications for future fMRI stimulus set design. We then jointly train
brain-optimized encoding models across subjects and datasets to predict fMRI
activity of all visual cortex and even the whole brain. In silico functional localizer
experiments performed on these digital twin models can recover subject-specific
category-selective cortical regions, thereby validating our approach. Together,
MOSAIC provides a scalable and community-driven solution to build robust,
larger-scale models of human vision.
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1 Introduction

Naturalistic experimental paradigms are essential to build models of real-world brain
and behavioral responses [1-6]. Large-scale fMRI datasets are central to this effort as
their increased number of subjects, number of stimuli, and stimulus diversity make
them especially well-suited for data-driven machine learning methods to uncover latent
neural structure under more ecological contexts [1, 7-13]. However, the size of individ-
ual fMRI datasets is quickly approaching its upper limit while this promising effort of
naturalistic experimental research is still in its infancy [11, 14]. Worse still, the space
of ecological contexts is too vast for a single research group to cover; for example,
even the most massive image-based fMRI dataset cannot capture neural responses
to dynamic videos [15-17], which may in turn be of insufficient duration to capture
responses uniquely evoked by long form videos [18-21], ad infinitum. The neuroscience
community in aggregate, however, has collected vast amounts of fMRI data across a
range of ecological contexts, but the field lacks a framework to unify them.

Despite a growing ecosystem of public fMRI datasets [22-24], datasets are often
used in isolation from one another. Differences in preprocessing pipelines, experimen-
tal protocols, acquisition systems, registration spaces, and subjects contribute sources
of variability in the signal that complicate cross-dataset analyses [25-30]. Additionally,
because different datasets may use identical or highly similar stimuli, it is essential
for modeling efforts to ensure test-train splits are still independent after aggregating
multiple datasets. Overcoming these challenges will allow researchers to simultane-
ously leverage multiple datasets for enhanced statistical power, stimulus diversity, and
generalizability — ultimately leading to a more robust understanding of the human
brain.

Recent data collection and modeling efforts have recognized the need of vast
amounts of fMRI data to perform large-scale model training or leverage held-out test
sets [13, 31-36]. However, their approach of pooling each fMRI dataset’s originally
released preprocessed data creates a trade-off between scale and scientific validity. By
mixing preprocessing pipelines, brain registration templates, and data formats (e.g.,
time series and beta estimates), such aggregate datasets introduce new sources of vari-
ance that can mask or mimic true neural signals [25-30]. While operating in latent
space can bypass issues of topographical brain alignment, it sacrifices the fine-grained,
voxel-level interpretability necessary for mechanistic insights. Furthermore, naive
aggregation risks unintended test set leakage when stimuli overlap between datasets,
rendering claims of generalization invalid. As such, the field currently lacks a robust
framework that can achieve massive scale datasets without sacrificing methodological
rigor.

To overcome these challenges, we introduce MOSAIC (Meta-Organized Stimuli
and fMRI Imaging data for Computational modeling), our blueprint for a community-
driven fMRI dataset aggregation framework and dataset that supports generalizable
research and data-intensive computational modeling in vision neuroscience. This first
version of the MOSAIC dataset has eight large-scale vision fMRI datasets totaling
93 subjects, sufficient for high-powered and reproducible analyses [37-39]. MOSAIC
data underwent a shared preprocessing pipeline (fMRIPrep [40] and GLMsingle [41])
and has 430,006 high-quality single trial fMRI-stimulus pairs across 162,839 unique



stimuli. The stimulus set is subsequently curated into naturalistic (e.g., real-world
images and videos) train, naturalistic test, and artificial (e.g., shapes, noise patterns,
gratings) test splits for robust tests of generalizability. MOSAIC has been designed
to be an extensible, community-driven resource - datasets of any size can be inte-
grated post-hoc, and the common preprocessing steps can evolve with advancements
in experimental paradigms and methodologies.

Here we detail MOSAIC’s preprocessing procedure and showcase how it can be
used to both replicate results across subjects and pool data to achieve massive scale
for computational modeling efforts. We observe that MOSAIC’s preprocessing pipeline
preserves meaningful biological signal across different experimental paradigms and
scanners. Next, we find that perceptually diverse stimulus sets significantly improve
decoding accuracy and stability, further motivating MOSAIC’s goal of compiling a
diverse aggregate stimulus set and providing actionable recommendations for future
fMRI datasets to best sample their stimulus set. Finally, we jointly train brain-
optimized neural networks across the MOSAIC aggregate dataset and find that we
are able to directly predict subject-specific brain activity better than corresponding
subject-specific models, thus overcoming a major hurdle in scaling fMRI data. We go
beyond reporting correlational model encoding accuracy by demonstrating the scien-
tific value of these brain optimized models as in silico data generators that can recover
subject-specific category-selective functional regions. In this light, MOSAIC’s flexibil-
ity will enable the neuroscience community to continue collecting datasets to target
research questions that matter to them most while simultaneously allowing these
datasets to be part of an aggregate collection to benefit large-scale modeling efforts and
encourage reproducible and generalizable results. With MOSAIC, the computational
cognitive visual neuroscience community can join forces to build a collaborative, scal-
able, and generalizable data foundation for the continual advancement of our collective
understanding of human vision.

2 Results

2.1 MOSAIC aligns fMRI datasets
2.1.1 Constructing MOSAIC

The construction of MOSAIC followed a three-step process. First, we systematically
evaluated candidate fMRI datasets and selected only those that met 3 key criteria:
they 1) used vision-only paradigms, 2) employed event-related fMRI task paradigms,
and 3) included perception-related behavioral tasks. This process led us to identify 8
open-access fMRI datasets (Fig. 1). Second, to ensure data compatibility, we processed
each dataset from scratch using a shared preprocessing pipeline. This standardized
procedure topographically aligns subjects to a shared brain-space (the HCP fsLR32k
space [43]), thereby mitigating potential confounds arising from differences in exper-
imental parameters like voxel resolution, stimulus duration, and TR [26, 44]. Third,
to enable robust tests of model generalizability, we carefully curated the aggregated
data and stimuli into independent training and testing splits, ensuring that there is
no leakage between the two.

The resulting MOSAIC dataset is composed of 162,839 unique images paired with
430,007 single trial fMRI responses. By providing a large-scale, consistently processed,
and cleanly partitioned resource, MOSAIC establishes a robust framework for the
next generation of data-intensive foundation-level modeling in vision neuroscience.
Importantly, preprocessing a dataset within MOSAIC’s framework does not preclude
its use for within-dataset analyses. Instead, MOSAIC only adds to its utility by giving
other researchers the option to include it in an aggregate set. The following sections
detail our stimulus aggregation and fMRI alignment procedures.

2.1.2 Stimulus set aggregation

A primary challenge in aggregating datasets is creating a unified stimulus set with
clean training and testing splits. Simply merging the original splits would introduce
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Fig. 1: Stimulus set compilation and methodology overview. a Pie charts show
the subject, stimulus, and single trial contributions of each of the eight large-scale
fMRI datasets to the meta dataset after filtering. b The aggregated stimulus set is
split into a naturalistic train, naturalistic test, and artificial test set. MOSAIC’s nat-
uralistic stimuli span multiple sources, from categorical images to in-the-wild images
to short videos. ¢ Each subject in MOSAIC has their own train-test split. MOSAIC
can be used to run experiments in one subject or dataset and test its generalizability
across datasets, or train-test splits can be combined across datasets for data-intensive
computational modeling. Representative stimuli for the naturalistic train and test
set examples were sourced from the study author, and artificial test set stimuli were
sourced from the Natural Scenes Dataset and Deeprecon studies.

stimulus duplicates and, more critically, train-test leakage, which would invalidate
downstream modeling results. To prevent this, we implemented a rigorous two-stage
filtering procedure. As shown in Figure2a, (1) we resolve all direct conflicts where the
same stimulus appeared in one dataset’s train set and another’s test set. (2) We used



a perceptual similarity threshold (DreamSim [42]) to identify and remove any train-
ing images that were highly similar to the images in the final, aggregated test set. We
use DreamSim embeddings as this model was optimized to capture human perceptual
similarity judgments and shows excellent results on a wide variety of stimuli. The level
of similarity that constitutes test set leakage is in part both subjective and depen-
dent on the research question being asked [45], with implementations typically ranging
from more strict category-level distinctness [46, 47] to more liberal stimulus-level dis-
tinctness [11, 48]. The perceptual similarity exclusion criteria used here compromises
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Fig. 2: MOSAIC dataset aggregation overview. a Combining stimulus sets
across datasets (red box). DreamSim [42] features were first extracted for each stimu-
lus. The stimulus filenames and features were then used to resolve conflicts of duplicate
and perceptually similar stimuli between datasets to create a naturalistic training, a
naturalistic testing, and an artificial testing split that minimize test set leakage. Rep-
resentative stimuli for the stimulus files examples were sourced from the study author.



Fig. 2: (continued) b Combining fMRI data across datasets (purple box). f{MRI data
were preprocessed using identical fMRIPrep pipelines. The resulting preprocessed
fMRI data were then input into a General Linear Model to estimate beta values for
each trial. ¢ Using MOSAIC (blue box). All stimuli and single trial beta estimates
are aggregated, and the curated training and testing split files reference the desired
the stimulus-beta pairs. d fsLR32k cortical surface mesh and MMP1.0 parcellation. A
flattened brain registered to the fsLR32k cortical surface space depicts the MMP1.0
parcellation [43]. The left hemisphere shows the boundaries of the 180 regions of inter-
est (ROIs) within one of 22 color-coded sections. The right hemisphere labels these
sections following [43].

between these two implementations. We defined a similarity threshold as the aver-
age perceptual similarity of the first and last frames across all 1,102 BOLD Moments
Dataset video stimuli, reasoning that if two stimuli were more similar than this thresh-
old, they can be considered perceptual duplicates belonging to the same event as
another stimulus (see Supplementary Fig. A1 for examples of excluded stimuli). This
process ensures the independence of MOSAIC dataset splits while also maintaining
compatibility with the original publications’ proposed splits (see Methods section 7.3
for more details).

2.1.3 fMRI alignment

A wide variety of strategies have been developed to align fMRI data across partici-
pants [49-51]. Here we adopt a widely used surface-based approach of registering each
subject’s native brain to a shared brain cortical surface template, fsLR32k [52]. This
surface-based mapping is widely considered superior to volumetric normalization tech-
niques [53-57] (but see [58]) and enables vertex-to-vertex correspondence across all
subjects. Furthermore, the fsSLR32k template seamlessly integrates with the Human
Connectome Project’s MMP1.0 parcellation [43], which defines 180 regions of interest
(ROIs) per hemisphere from 22 larger sections (Fig. 2d). This standardized parcella-
tion simplifies modeling efforts by ensuring ROI data across participants are uniform
in size and correspond to similar anatomical locations.

We implemented a shared preprocessing pipeline to transform fMRI data from
different experimental paradigms (varying TRs, stimulus types, stimulus duration,
scanner strength etc.) into a set of consistently formatted fMRI beta-stimulus pairs
(Fig. 2b). First, each dataset was processed with an identical configuration of
fMRIPrep (v23.2.0) which handled standard preprocessing and registration to the
fsLR32k cortical surface [40]. Next, we used GLMsingle to estimate single trial beta
values from the preprocessed time series [41]. For datasets with attention-checks highly
correlated to stimulus features (i.e. the HAD and NOD datasets), we also regressed out
the button press confounds. Finally, to prevent information leakage, the beta estimates
of dataset’s train and test splits were normalized using only the mean and standard
deviation calculated from the train split betas (see Methods section 7.4 for details).



The file outputs of the stimulus set aggregation step simply reference the desired
preprocessed fMRI data for downstream analyses to easily accommodate changes in
stimulus set curation or additions to the fMRI data (Fig. 2c).

Towards the goal of supporting data-hungry computational models, MOSAIC addi-
tionally makes available all task and resting state (where applicable) fMRI runs in
a timeseries format after applying denoising, detrending, and filtering steps after the
fMRIPrep preprocessing and fsSLR32k space registration (see Methods section 7.4.2)
[59, 60]. Task fMRI data in a time-series format may benefit research interested in
real-time models of brain activity and latency/accuracy tradeoffs with preprocessing
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Fig. 3: MOSAIC preprocessing pipeline validation. a Flat map comparison of
noise ceiling signal-to-noise ratio (NCSNR) of Natural Scenes Dataset (NSD) subject
01 between preprocessing pipelines. NCSNR is computed at every vertex from the final
beta estimates in MOSAIC’s preprocessing pipeline in fsLR32k space (left) and NSD’s
original preprocessing pipeline in fsaverage space (right). Higher NCSNR is better.



Fig. 3: (continued) b Percent vertices above NCSNR threshold. For each of the
eight NSD subjects, the percent of vertices above a NCSNR value is plotted for both
the MOSAIC preprocessed version (blue) and NSD’s originally preprocessed version
(orange). ¢ Clustering fMRI responses. The TSNE plot (perplexity=20) shows sin-
gle trial brain responses from visual cortex (MMP1.0 sections 1-5) overlaid with the
corresponding image stimulus. The responses from the GOD and Deeprecon datasets
primarily cluster around subjects and then stimulus but not dataset. The inset shows
a separate TSNE plot focusing on just subject 01 from GOD (blue) and Deeprecon
(orange), who is the same individual that participated in both studies. The TSNE plot
was initialized from a Multi-Dimensional Scaling dimensionality reduced Representa-
tional Dissimilarity Matrix, which was computed from pairwise Pearson correlations
between the single trial fMRI responses in visual cortex.

steps [13]. As both MOSAIC and the Human Connectom Project use the fsLR32k reg-
istration space, MOSAIC’s resting state brain activity can be readily used with the
Human Connectome Project’s hours of resting state data from over 1,000 subjects,
which has been previously used to pretrain massive encoder-decoder frameworks that
learn powerful latent representations of brain activity [31, 36, 61, 62]. Such methods
can also investigate how a MOSAIC subject’s resting state fMRI, when incorporated
into the pretraining data, affects a subject’s task-based neural prediction performance.

2.1.4 MOSAIC preprocessing pipeline validation

To validate this pipeline, we compared the vertex-wise noise ceiling signal-to-ratio
(NCSNR) reliability metric of the eight NSD subjects computed with beta estimates
from MOSAIC’s pipeline in fsLR32k space and beta estimates released by NSD’s
pipeline in fsaverage space (see methods section 7.5). In Figure 3a, a visual comparison
of subject 01 shows similar spatial patterns and high and low NCSNR between the two
pipelines; and the remaining seven subjects show a similar result (see Supplementary
Figure A6 for all eight subjects). Figure 3b shows the percent of vertices above a
range of NCSNR thresholds between the two pipelines, highlighting that the MOSAIC
pipeline (blue) gives comparable results to NSD’s original pipeline (orange) evidenced
by their large degree of overlap. Subject 07 shows the least amount of overlap, but its
still relatively high reliability and downstream modeling results (see analyses below)
confirm that it contains useful signal. We compute and plot NCSNR-based reliability
metrics for all subjects and train-test splits or, for HAD and NOD subjects that do
not contain stimulus repeats, replicate their validation measures used in their original
manuscripts (plots are available alongside the data. See 5). In brief, we find that
MOSAIC’s fMRI preprocessing achieves similar or higher reliability than that of the
datasets’ original publications likely due to the robust beta estimates from GLMsingle
[41].

An effective dataset alignment procedure must minimize site-specific technical
artifacts from different acquisition sites (e.g., different scanners or location) while
preserving meaningful subject-specific biological variation in the brain’s response to
stimuli [63]. Does MOSAIC succeed in achieving this balance? To address this question,



we leveraged a natural experiment created by the overlap between the Generic Object
Decoding (GOD, n=>5 subjects) and Deeprecon (n=3 subjects) datasets. Although
collected at different sites using different scanners (3T Siemens Trio versus Verio),
different brain resolutions (3mm versus 2mm isotropic voxel size), different scanning
parameters (3s versus 2s TRs), and at different stimulus durations (9s versus 8s stimu-
lus presentation), these two datasets share 50 naturalistic test stimuli and fortuitously
even one individual subject who participated in both studies. This setup allows for
a direct assessment of MOSAIC’s validity as an aligned dataset by testing whether
the fMRI data for this individual clusters by biological identity rather than by the
technical details of the acquisition site.

The results of this natural experiment confirms that MOSAIC’s preprocessing
successfully preserves biological identity over technical artifacts. We visualized the
single-trial activations in MMP1.0 sections 1-5 for all subjects and stimuli for the GOD
(n=35 repetitions per stimulus, 8750 single trials) and Deeprecon (n=24 repetitions per
stimulus, 3600 single trials) datasets using TSNE embeddings (Fig. 2c). This visualiza-
tion reveals two key findings. First, the fMRI responses cluster by individual subject,
not by acquisition site. Second, within each subject’s primary cluster, repeated trials of
the stimulus form tight sub-clusters, demonstrating high intra-subject reliability. The
data from the subject scanned at both sites provides the most compelling evidence of
minimal site-specific confounds. Despite being collected on different scanners in differ-
ent locations, this individual’s data from both studies co-localized in the embedding
space, forming a single cluster distinct from all other subjects. This demonstrates that
subject-specific neural signatures are far more prominent than any site-specific effects.
This result also aligns with prior work showing inter-subject variability to be a much
larger source of variance than inter-site variability in multi-site IMRI studies [64—67].
We presume biological identity is a stronger organizing factor than stimulus content
in this analysis because the MMP1.0 parcellation used to extract each subject’s acti-
vations is not functionally specific and thus contains strong subject-specific patterns
[68-72].

To summarize, MOSAIC provides a general and extendable framework for align-
ing vision fMRI datasets to support a wider range of scientific questions. Crucially,
this framework is extensible and not methodologically constrained. New datasets can
be incorporated into MOSAIC post-hoc and all data can be re-processed as fMRI
preprocessing methods evolve. As we have demonstrated, the resulting fMRI-stimulus
pairs successfully minimize site-specific artifacts and retain biologically relevant sub-
ject variation. The following sections demonstrate how MOSAIC can be leveraged to
replicate known scientific findings across datasets and to train predictive models of
the visual system with unprecedented generalizability.

2.2 Linear decoding models trained on perceptually diverse
stimulus sets are more accurate and less variable

A major goal of cognitive neuroscience is to decode brain responses to determine
what information is represented in the brain. Linear decoders are a core tool in this
effort [13, 45, 47, 73-76], but their performance is naturally constrained by the size
and breadth of neural data available for training [77-79]. We used MOSAIC to ask
how the composition of the training stimulus set affects a decoding model’s accuracy,
stability, and ability to generalize. We leveraged MOSAIC’s scale to systematically
vary perceptual diversity and sampling strategy at fixed training size, and evaluate
performance on naturalistic in-distribution and artificial out-of-distribution test sets.
We hypothesized that perceptually diverse training sets will yield higher accuracy
and lower variance, and that boundary-focused sampling will preferentially improve
out-of-distribution generalization.

To directly test our hypothesis, we first constructed training sets with maximally
different perceptual content for each of the 93 subjects. Using a perceptual feature
space defined by DreamSim [42], we sampled two subsets of 200 stimuli: a low-diversity
set (the 200 nearest neighbors to a random seed stimulus) and a high-diversity set
(iteratively selecting the farthest stimuli starting from a random seed stimulus) (Fig.



4a). We then trained linear ridge regression models on each subset to decode fMRI

DreamSim Distribution of
Sub-01 NSD Training Stimulus Set

100 @ High diversity subset o Train set Predicted
X rain responses
. Low diversily subeet PO features True features
High Div. Linear
@ Ssced stimulus ¢ decoding model
.t ¢ Locode Mooy e correlaic
b - g
S High diversity subset NtV
] Y o ﬁ Low Div, Linear Correlation ¥
E = 9 p decoding model v
ool ot £ [ _‘% Secosngmodel | 4~ (LowDi)
Low diversity subset h
.
K d
75
75 0.00 100
UMAP 1
c. d. e.
‘Sub-01 NSD Naturalistic High Diversity Trained Models High Diversity Trained Models
Test Set Predictions 015 Make More Accurate Predictions Make Lower Variance Predictions
3
3
5 0.10 % g oot
< £ -
g %5 3=
£ oos = £3 Ea——
g .. 0.01 %I
5 o == é 5 . o
c oF ==
s 1 pE-002
AL E— S B Si— 1 L
2 g 00
38 @
005 Ioiioioaioigiio 004 1
015 025 035 S S © O &
Correlation (Low Div.) ~ \dc‘& & (»\* R 000 Oqﬁ@& ‘xé) \94??‘3* (»‘;0\;0 .35905’ d,w&e
& &
Naturalistic Test Set Naturalistic Test Set
f.
Sub-01 NSD Sub-02 NSD Sub-03 NSD Sub-04 NSD Sub-05 NSD
isoee 054

e

Decoding Accuracy

o X X . .
90535 40 60 80 100 0 20 40 60 80 100 %0 70 40 60 80 100 %0 70 40 60 80 100 "0 20 40 60 80 100 "0 20 40 60 80 100

Percent Training Percent Training Percent Training Percent Training Percent Training Percent Training
Set Used Set Used Set Used Set Used Set Used Set Used
SUO7NSD . SubOBNSD 9.4, Sub-01 Dogpracon Sub-02 Deeprecon Sub-03 Deeprecon

1

Decoding Accuracy

3{.

HITIY
01 W o1

0.4 W 0.4 W"
03 0.3

0.2 0.2

oafl A oy

x 0.0} .0+
0 70 40 60 80 100 % 70 40 60 80 160 "0 20 40 60 80 160 0 20 40 60 80 100 0 20 40 60 80 100

Percent Training Percent Training Percent Training Percent Training Percent Training
Set Used Set Used Set Used Set Used Set Used
@ Naturalistic test set == Farthest-first (high diversity) === Random
X Artificial test set == Nearest neighbor (low diversity)

Fig. 4: Decoding with high and low diversity stimuli sets. a High and low
diversity sampling procedure. Out of all stimuli viewed by a given subject, a low
(blue) and high (orange) diversity subset was chosen as the closest (nearest neighbors
algorithm) and farthest (farthest-first algorithm) 200 stimuli with respect to a random
seed stimulus (green). b Model training and prediction. Linear decoding models were
independently trained to map brain activity from visual cortex (MMP1.0 sections 1-5)
to the DreamSim embeddings of the corresponding high and low diversity subsets. The
models were then tested to predict DreamSim embeddings of the subjects’ held out
naturalistic test sets. Representative stimuli for the high and low diversity stimulus
examples were sourced from the study author.
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Fig. 4: (continued) ¢ Subject 01 NSD prediction results. Representative results from
Natural Scenes Dataset subject 01 plot test set predictions from a model trained
on high diversity subset and low diversity subset. Decoding accuracy is measured as
the Pearson correlation between a stimulus’s predicted DreamSim feature vector and
its ground truth feature vector. Each of the fifty points corresponds to a different
randomly sampled subset of the subject’s stimulus set. Points above the red diagonal
indicate better prediction performance from a model trained with a high diverse subset
than one trained with a low diverse subset. d High-low diversity prediction accuracy.
The mean high minus low difference of the fifty samples per subject are plotted. e
High-low diversity prediction standard deviation. The high minus low difference in
standard deviation of the fifty predictions are plotted. Results in panels d and e are
separated by subject and dataset (black dots) but statistical significance is computed
over all subjects (Wilcoxin Signed Rank Test, two-sided against 0, p<0.05, n=93). Box
plots show the first and third quartiles (large box), median (white dot), and whiskers
extending to 1.5 times the interquartile range. Outliers are denoted by diamonds.
Individual points represent results of individual subjects. f Naturalistic and artificial
test set predictions. Linear decoders predict naturalistic (circle, top) and artificial (x,
bottom) test sets using nearest neighbor (blue), random (brown), and farthest-first
(orange) sampling strategies using increasing amounts of naturalistic training set data.
Results from individual subsets are plotted as points.

activity from the visual cortex into this perceptual feature space (Fig. 4b) and eval-
uated their accuracy on a held-out set of naturalistic images (Fig. 4c). The stimulus
sampling and model training process was repeated fifty times with different random
stimulus samplings, and results were aggregated over the 93 subjects.

Models trained on high diversity stimulus subsets had significantly greater pre-
diction accuracy than those trained on low diversity subsets (Fig. 7.7d) (Wilcoxon
Signed-rank Test, p<0.05, two-sided; n=93, p=6e-10, CLES=0.80). Furthermore, the
high stimulus diversity models also exhibited markedly higher stability. They had sig-
nificantly lower standard deviations in predictions than the models trained on the
low diversity stimulus subsets, indicated by the negative high-low standard deviation
differences in Fig. 4e (Wilcoxon Signed-rank Test, p<0.05, two-sided; n=93, p=8e-
16, CLES=0.92). The long-tailed distributions indicate that stimulus set diversity
impacted some subjects and datasets more than others, likely driven by the quality of
the corresponding fMRI data.

Building on this finding, we next explored how different sampling strategies interact
with training set size and a decoder’s ability to generalize to a new, unseen stimu-
lus distribution. We used the NSD and Deeprecon datasets (which have naturalistic
and artificial test set splits) to train decoders on naturalistic images sampled with
three strategies: (1) nearest-neighbor (low-diversity, blue) (2) random (brown) (3)
and farthest-first (highest-diversity, orange). We tested these decoders on both an in-
distribution (naturalistic images) and an out-of-distribution (artificial images) test set
(Fig. 4f). As before, the stimulus sampling and model training process was repeated
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fifty times, each time with a different random seed. We also varied the number of sam-
ples used to train the decoder (to simulate different dataset sizes) from 5% to 100%
in 5% increments while ensuring at least 200 training samples (see Methods section
7.7 for details). By design, when 100% of the training samples are used to train the
decoder, the three sampling strategies converge to the same result.

For the NSD subjects, the mean predictions of the random sampling strategy con-
sistently outperformed the mean predictions of the farthest-first and nearest neighbor
strategies at all training set sizes for the in-distribution naturalistic test set. When
predicting the out-of-distribution artificial test set, the farthest-first sampling strategy
results in consistently higher mean predictions but only when using up to approxi-
mately 50% of the training set. These low-sample mean predictions are often higher
than the full training set predictions. The prediction patterns in Deeprecon follow the
same trend but were more variable at each training set size. This is likely due to lower
fMRI data quality (as measured by vertex reliability) and the fact that their natu-
ralistic test set was designed to not overlap with the train set in terms of semantic
categories.

These NSD and Deeprecon results reflect the unsurprising fact that the best sam-
pling strategy is the one most likely to select stimuli with features most similar to
the test set. Specifically, the random strategy, compared to the farthest-first strategy,
samples throughout the feature space with little concentration at the edges, making
it an ideal choice for in-distribution predictions. The farthest-first algorithm samples
stimuli with features that lie near the edges of the feature space, meaning it can
best select informative samples closest to an out-of-distribution test set. However, too
much sampling along these boundaries will inevitably include the most distant, and
most irrelevant, samples that can end up hurting decoding performance. We note that
the nearest neighbors sampling strategy consistently has the greatest decoding vari-
ability and often the worst decoding accuracy in all training set sample sizes, further
supporting the conclusions described in Fig. 4d,e. Interestingly, the nearest neighbors
strategy can contain high accuracy outliers that outperform the other strategies; in
these instances, we qualitatively observe that the random seed and subsequent nearest
neighbors happened to identify a cluster of images with features especially relevant
for some artificial stimuli, such as a cluster of zebras that likely led to better decoding
performance of the black and white spiral gratings found in the NSD artificial test set.
Finally, we note that decoding performance for out-of-distribution test sets were sig-
nificantly worse than the performance for in-distribution sets, emphasizing that while
linear decoders can achieve above chance generalization, training on samples with a
similar distribution to the testing samples seems necessary for best performance.

These results show that training-set diversity has a measurable impact on decod-
ing accuracy and stability. They also highlight a key difference between MOSAIC, and
other large-scale datasets such as the Human Connectome Project [9], UKbiobank
[80], Cam-CAN dataset [81], and ABCD dataset [82]: those datasets emphasize sub-
ject breadth but offer limited diversity in task stimuli, whereas MOSAIC aggregates
richly varied visual stimuli at the trial level. In effect, many fMRI experiments are
representative of this low diversity regime: they sample a relatively small stimulus
set from a larger dataset defined by a feature space in order to decode that feature
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space in the brain (e.g., sampling categorically-defined ImageNet or COCO datasets
to decode categories). Our results show this low diversity regime consistently leads
to lower and more variable decoding accuracy and should encourage researchers to
emphasize dataset diversity when sampling future fMRI stimulus sets. Echoing previ-
ous work [77-79], we recommend future fMRI datasets first establish a large, highly
diverse pool of candidate stimuli from which to sample. As a proxy for sufficiently
diverse content, one can attempt to mirror the distribution of recent large-scale com-
puter vision datasets that explicitly target diversity and have successfully been used
to train models that exhibit state-of-the-art image or video understanding capabili-
ties [83-85]. With a large and diverse pool of candidate stimuli, random sampling is
an effective, feature-agnostic, and simple strategy that can comprehensively cover a
distribution. In the event that the distribution of stimulus test sets are not known
beforehand, as is often the case, a random sampling strategy can be supplemented
with a farthest-first sampling strategy in a feature(s) space that the researcher expects
to be relevant in order to include samples along the feature boundary that may be
crucial for good generalization.

2.3 Brain-optimized encoding models scale across datasets

Beyond decoding what information the brain represents (previous section), a second
major goal of cognitive neuroscience is to build models that accurately explain how
sensory inputs are transformed into those neural representations. The last decade has
established Deep Neural Networks (DNNs) as the most promising candidates for this
endeavor [5, 10, 86-88]. The dominant strategy has been to repurpose ‘task-optimized’
models from the AT community as voxelwise encoding models, which are pre-trained on
millions of images for tasks like object classification [45, 73]. An alternative approach is
to build ‘brain-optimized’ models by training models end-to-end on neural data itself
[12, 89-92], which can offer a more explicit model of sensory processing and incorporate
biological constraints starting at model training. However, fully embracing this brain-
optimized modeling approach has been challenging because the data requirements
of modern DNNs far outstrip the scope of typical neuroimaging experiments. Thus,
to successfully train high-parameter, even foundation-level, brain-optimized models,
it is necessary to aggregate data across many subjects and datasets and overcome
ever-present inter-subject [68-70] and inter-site [67, 93, 94] differences. The MOSAIC
dataset is designed to make this feasible by providing a large-scale, aligned collec-
tion of trial-level data with curated train-test splits. Using this resource, we compare
three architectural frameworks for joint model training and identify a multi-subject
architecture that leverages the full scale of MOSAIC to achieve consistently higher
prediction performance than its traditional, single-subject counterparts.

We use a DNN architecture following [12] with a shared core encoder network
followed by a factorized linear readout (Fig. 5a) [95]. The linear readout constrains
all nonlinear computations to the core, which improves systems-level interpretability
and hypothesis testing. The readout head also contains drastically fewer parameters
than fully connected layers, allowing the system to easily scale to multiple subject-
specific readout heads and high dimensional output predictions. This brain-optimized
framework also makes multivariate predictions of brain activity, in contrast to the more
commonly used voxelwise encoding models that predict each vertex independently
from one another [45, 73, 89).

We tested three brain-optimized frameworks to identify the most accurate method
for predicting subject-specific fMRI activity in visual cortex using MOSAIC. Each
framework uses the same eight layer convolutional core (CNNS, following [12]), but
they differ in their training data and readout architecture. The three frameworks are
as follows: (1) The baseline model is a standard single-head (SH) model trained using
data one subject at a time. This model circumvents inter-subject and inter-site differ-
ences and, for subjects from the Natural Scenes Dataset (NSD), reflects performance
achievable with extensive single-subject data collection approaching practical limits
[14]. (2) The pooled model is a simple pooling strategy with a single-head (SH) trained
on the combined data from all 93 MOSAIC subjects. This one-size-fits-all model shares
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all parameters, forcing it to learn a single, subject-agnostic representation. (3) The
multi-head model implements a hybrid approach. This model features a shared core
network trained on all 93 subjects but routes its output to 93 separate, subject-specific
readout heads. This architecture allows the model to learn general visual features from
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Fig. 5: Brain-optimized networks are accurate predictors of visual cortex.
a Generic brain-optimized network frameworks. A brain-optimized network consists
of a core network and at least one linear readout head to map stimulus input into a
vector of brain activity. Multiple readout heads can be attached to the core network
for subject-specific brain activity prediction.
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Fig. 5: (continued) b Brain-optimized framework evaluation. Single-head (SH) single
subject, single-head (SH) all 93 subjects (deep purple), and multi-head (MH) all 93
subjects (magenta) models predict the test set responses of Natural Scenes Dataset
(NSD) subjects 01-08 and Deeprecon subjects 01-03. Prediction accuracy is the vox-
elwise correlation between the subjects’ predicted and true brain responses within
visual cortex vertices (MMP1.0 sections 1-5). The median of each vertex’s squared
correlation divided by its noise ceiling, or explained variance, is plotted. ¢ Predic-
tion performance of brain-optimized models using different core network architectures.
Five multi-head brain-optimized models using different core networks were trained to
predict visual cortex responses (MMP1.0 sections 1-5). The 8 block CNN (magenta),
AlexNet (orange), ResNet18 (green), SqueezeNetl.1 (maroon), and Swin-T (purple)
core networks vary in parameter count, task accuracy, and architecture family (e.g.,
CNN and transformer) yet all are good predictors of visual cortex.

the entire dataset while tailoring predictions to each individual’s unique neural topog-
raphy. All models are trained from randomly initialized weights. We show prediction
results on NSD subjects 01-08 and Deeprecon subjects 01-03 (see Methods section 7.9
for model training information).

Our results indicate that the multi-head model (magenta) was the overall superior
modeling framework for MOSAIC. This framework successfully leveraged the shared
core network when trained on MOSAIC’s diverse stimulus set across all 93 subjects,
and consistently achieved better predictions of visual cortex than the single subject
models (Fig. 5b) (see Supplementary Fig. A8 for raw correlation results from the
multi-head model on all 93 subjects and test sets). This performance gain appeared
to be driven primarily by more accurate predictions in higher-level visual cortex (see
Supplementary Fig. A4). We also observed an interesting trade-off with the pooled
model (deep purple); while it underperformed for subjects with high-quality data, it
was more accurate than the single-subject models in low-data or low-quality settings,
suggesting that training on a group of subjects can capture highly predictive but
subject-agnostic representations of vision [96] (see Supplementary Fig. A3 for noise
ceiling comparison across subjects). Finally, the baseline single-head models trained
on one only one subject and tested on a held-out individual unsurprisingly yielded the
worst performance (Fig. 5b). This highlights that some subject-specific parameters
are probably essential for accurate predictions.

We next confirm that the multi-head brain-optimization framework is robust and
generalizes well to other models (different architectures, varying parameters and task
capabilities). We found that the eight-layer CNN (CNNS8, used above), AlexNet [97],
SqueezeNet1.1 [98], ResNet18 [99], and Swin-T (i.e., Swin Tiny) [100] vision trans-
former all achieved strong brain prediction performance (Fig. 5d) (see Supplementary
Table A1 for core network comparisons and Methods section 7.8 for descriptions of the
architectures). In general, the four convolutional networks typically outperformed the
Swin-T vision transformer network at predicting brain responses even though Swin-T
can be optimized to obtain a notably higher performance task itself. SqueezeNet1.1
matched or slightly exceeded AlexNet at predicting responses despite using less that
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one-third of the parameters in the core network. Although ResNetl18 implemented
brain-like recurrent computations [101-104], it was not obviously more predictive
than other models. We further demonstrate that these brain-optimized models can be
used in a voxelwise encoding paradigm on a non-MOSAIC fMRI dataset [105], where
features from the brain-optimized models largely outperformed their task-optimized
counterparts in predicting high-level brain responses in an external fMRI dataset
(Supplementary Fig. A7a,b)

These results, made possible by the scale and diversity of MOSAIC, demonstrate
that the multi-head architecture is a viable path for scaling brain-optimized models.
By jointly training on multiple subjects and datasets, we can achieve better predic-
tion performance than what is possible with using only extensive single-subject data.
This joint training is crucial, as it forces the model to learn a shared core that reflects
robust, generalizable properties of vision [34]. Training ablations show that a model
trained on only the eight NSD subjects achieves better prediction accuracy than the
model trained on all MOSAIC (Supplementary Fig. A5b) but, as suggested by Fig.
5b, this performance increase on NSD subjects comes at the expense of poor gen-
eralization to the remaining held-out subjects. Additionally, training the model on
one dataset and fine tuning subject-specific readouts would prevent each subject and
dataset from contributing to the shared core. Looking forward, a key challenge will be
to develop training paradigms where the addition of new subjects or datasets—even
noisy ones—can only improve, and never harm, overall model performance.

2.4 Brain-optimized models recapitulate subject-specific
functional contrasts

Contrast
Subject Words (AUC PR) Bodies (AUC PR) Faces (AUC PR) Places (AUC PR)
Prediction | Random | Prediction | Random | Prediction | Random | Prediction | Random

Sub-01 NSD 0.075 0.015 0.332 0.029 0.134 0.009 0.418 0.027
Sub-02 NSD 0.056 0.013 0.332 0.031 0.251 0.012 0.483 0.027
Sub-03 NSD 0.209 0.012 0.365 0.033 0.232 0.012 0.670 0.029
Sub-04 NSD 0.066 0.011 0.322 0.036 0.295 0.013 0.567 0.027
Sub-05 NSD 0.039 0.012 0.472 0.043 0.292 0.015 0.581 0.029
Sub-06 NSD 0.059 0.014 0.284 0.038 0.332 0.009 0.501 0.025
Sub-07 NSD 0.045 0.019 0.186 0.030 0.078 0.008 0.131 0.024
Sub-08 NSD 0.127 0.015 0.366 0.034 0.427 0.014 0.614 0.028

Table 1: Area under precision recall curve for functional contrast predic-
tion. A precision-recall curve is computed for each subject-specific contrast prediction
compared to that subject’s ground truth contrast. The area under precision recall
curve metric (AUC PR) summarizes the prediction accuracy. The random baseline is
the performance of a random binary classifier and is equivalent to p/(p + n), where p
is the number of positive examples (vertices in the ROI) and n is the number of neg-
ative examples (vertices not in the ROI).

Given the brain-optimized models’ excellent prediction accuracy, we next ask if
these models are scientifically useful by performing an in silico functional localizer
experiment to predict functional regions of interest (fROIs). We first train a new multi-
head model to predict the whole brain in order to more closely resemble the data that
would be collected in a real fMRI experiment. We train the model on NSD subjects
01-08 instead of all 93 subjects due to GPU memory constraints. We then run subject-
specific model inference on a localizer stimulus set (no overlap with the MOSAIC
training set) and perform the localizer’s prescribed contrasts to identify face-, place-,
body-, and word-selective regions (see Methods section 7.10 for more details) [106].
We note that the image statistics of the localizer’s grayscale, isolated object stimuli on
a textured background are out-of-distribution with respect to the model’s primarily
colored naturalistic training set. We compare our model’s predicted contrasts with
each subject’s category-selective regions independently defined and preprocessed in
the original Natural Scenes Dataset experiment using the same localizer task [106].
We regard these experimentally defined categorical contrasts as the ground truth.
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All eight subjects predict their four functionally selective regions well above chance
levels, as shown in the precision-recall curves (Fig. 6a) and Table 1. We then thresh-
old the predicted contrasts at the value that maximizes the F1 score for each subject
and contrast to obtain a binary prediction of the category-selective regions. Manual
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Fig. 6: Brain-optimized models for functional ROI prediction (fROI). a
Precision-recall curve of categorical contrasts. For each of the four word, face, place,
and body contrasts, eight precision-recall curves are constructed to measure how well
each subject-specific model prediction overlaps with that subject’s ground truth con-
trast. b fROI subject agreement. The contrast value that achieves the greatest F1
score for each subject and contrast is used to threshold the contrast into a binary
prediction. The union of each subject’s binary predictions are compared to the union
of each subject’s binary ground truth fROIs on a flatmap. ¢ Measuring the subject-
specificity of fROI predictions. The area under the precision recall curve (AUC PR) for
each subject’s synthetic fROI prediction compared with each subject’s ground truth
is plotted on a number line. The star represents that the same subject is used for both
the prediction and ground truth comparison.
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examination of the top 100 experimental stimuli with the highest mean activation
across these predicted category-selective regions reveal clear category membership (see
Supplementary Figs. A9-A16 for the stimuli). Visual comparisons between the subject-
aggregated predictions and ground truth show that despite no spatial or contiguity
constraints were enforced, the predicted regions were often tightly grouped in visual
cortex, largely matching the ground truth (Fig. 6b). The word-selective region pre-
dictions, while still well-above chance level, were noticeably worse across all subjects.
The stimuli that most strongly activate the predicted word-selective regions contain
a mix of characters, as expected, but also high frequency content and character-like
naturalistic images (e.g., a circular doughnut), suggesting that the model is captur-
ing more of the statistical structure of characters and less the specialized function of
word-selectivity.

Next we evaluate the subject-specificity of the model by comparing the Area under
Precision Recall Curve (AUC PR) between all subject-specific predictions and one
subject’s ground truth (Fig. 6¢). If the model’s predictions are subject-specific, the
same-subject AUC PR score (denoted by a star) should rank higher (farther to the
right on the number line) than the other-subject AUC PR scores. In general, we observe
a pattern of same-subject predictions ranking higher than other-subject predictions
(except subject 07) and quantify this by computing the effect size of the same-subject
rank against the other-subject average rank across the four conditions (CLES=0.75,
1.0, 1.0, 1.0, 0.75, 0.75, 0, 1 for subjects 01-08, respectively). Due to low sample
size (n=4 contrasts) and multiple comparisons (8 subjects), statistical tests against
a p-value of 0.05 or lower are not appropriate but more extensive investigations are
warranted from the large effect sizes. Because fROIs are expected to significantly
overlap between subjects [71, 72], one subject’s good fROI prediction will score highly
against other all other subjects’ ground truth, often overshadowing the same-subject
score (e.g., Subject 03 for words, Subjects 06 and 08 for faces, subject 05 for bodies
show strong performance across all subjects).

Taken together, this brain-optimized encoding model can effectively recover
subject-specific category-selective regions, thereby demonstrating that these brain-
optimized models achieve not just high encoding accuracies but are also scientifically
useful. When paired with algorithmic fROI defining methods like Group-constrained
Specific-Subject [71], these models may offer a fully automated pipeline for subject-
specific ROI identification. This multi-head framework was able to scale its prediction
output from an already large 7,831 vertices (visual cortex, MMP1.0 sections 1-5) to
57,051 vertices (whole brain, all MMP1.0 sections) with only minor loss in visual cor-
tex prediction performance (Supplementary Fig. Aba). Even still, figuring out how to
scale the output prediction size with no loss in performance will be a crucial step for
investigating whole-brain functional connections.

3 Conclusion

With MOSAIC, individual fMRI datasets can seamlessly contribute to replicable, gen-
eralizable, and data-intensive investigations into human vision. MOSAIC’s scale can
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be leveraged in two ways - first, hypotheses can be independently tested across multi-
ple datasets to see if results generalize (Fig. 4), and second, fMRI-stimulus pairs can
be aggregated across datasets for large-scale model training (Fig. 5). As an example
of the former approach, we show how linear decoding models trained on perceptu-
ally diverse stimuli result in better and more stable predictions. Following the second
approach, we train brain-optimized models across 93 subjects to learn a robust map-
ping between stimulus and fMRI response. MOSAIC’s already large scale and ability
to accommodate new datasets offers a strong foundation to build and evaluate robust
models of vision.

MOSAIC uses a shared, state-of-the-art preprocessing pipeline to minimize unde-
sired variability that can arise from seemingly minor differences in software versions,
let alone full pipelines. Relatedly, this shared preprocessing pipeline can support inves-
tigations into subject- and dataset-specific sources of variability, potentially leading to
improved preprocessing methods and a deeper understanding of the sources of inter-
subject differences [25]. In line with this effort, the MOSAIC dataset compilation
includes edge cases of 16 shared subjects, thousands of shared stimuli between 2 or
more datasets, and two datasets (GOD and Deeprecon) with identical stimulus sets,
one common subject, but different experimental protocols. In Fig. 2c we leverage these
similarities and differences between GOD and Deeprecon to show that MOSAIC’s
shared preprocessing pipeline is able preserve biologically meaningful signal while
reducing inter-dataset sources of variability.

Importantly, aggregating individual fMRI datasets naturally diversifies the com-
piled stimulus set. Stimuli sampled from a single source often include biases that
undesirably affect model performance [107-109] and are limited in their ecological
validity. In aggregate, however, MOSAIC’s naturalistic stimulus set samples six com-
puter vision datasets that include images, short videos, focused categorical content,
and in-the-wild contexts that are crucial for evoking a representative range of neural
responses [18, 110-112]. Furthermore, we expand on previous work about the impor-
tance of a diverse stimulus set, finding that a perceptually diverse stimulus set leads to
more accurate and stable brain-to-feature decoding performance (Fig. 4) and compare
stimulus sampling strategies across different sample sizes. These results carry direct
implications for how future fMRI datasets should sample their stimulus set for the
purpose of in- or out-of-distribution decoding; random sampling from a large pool of
stimuli achieves excellent in-distribution performance, and farthest-first sampling with
respect to a target feature space can aid in out-of-distribution decoding. MOSAIC’s
extensible framework is uniquely positioned to allow researchers to explore decoding of
new feature spaces as datasets can be added post-hoc to fill gaps in stimulus diversity.

Increasing dataset scale has enabled landmark discoveries in computer vision and
computational neuroscience, such as describing emergent properties of vision mod-
els [113-116], detailing the effects of model architecture, training diet, and objective
function on brain-alignment [10, 117-121], and measuring the convergence of multi-
modal model representations at scale [122]. Extending these efforts in increasingly
large-scale brain-optimized models would help anchor these seminal findings within
neuroscience, as such models are explicitly formulated to capture neural sensory pro-
cessing [89-91, 95]. MOSAIC provides a powerful framework for overcoming the severe
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limitations of current fMRI dataset scale. In this work we take the first step in over-
coming these challenges by showcasing a suite of highly predictive brain-optimized
models that can effectively scale across subjects, datasets, and output sizes (Fig. 5).
Their multivariate prediction directly to cortical vertices opens new avenues for study-
ing the model’s sub-networks and units that give rise to functional cortical activity.
With confidence from their ability to recover subject-specific functional regions (Fig.
6), MOSAIC-trained models can be used to synthesize neural responses on the order
of billions of stimulus-brain activity pairs to achieve a dataset size on par with mod-
ern artificial neural network vision models [123]. Taken together, MOSAIC serves as
a community-led data foundation to enable the next generation of vision neuroscience
discoveries.

4 Limitations

MOSAIC’s shared preprocessing pipeline between datasets is intended to be
lightweight, transparent, and flexible to facilitate the addition of future fMRI datasets
and seamlessly adapt to future methodological improvements. Custom preprocessing
pipelines might optimize dataset quality on a per-dataset basis. Relatedly, the pre-
processing pipeline resamples all fMRI data to approximately 2mm spacing on the
fsLR32k cortical surface and thus does not take advantage of some datasets’ higher
spatial resolution.

Aggregating independent datasets naturally introduces stimuli and data quality
imbalances. This version of MOSAIC is dominated by the Natural Object Dataset
(> 57,000 image stimuli) and notably high quality Natural Scenes Dataset (> 70,000
image stimuli), thus potentially biasing results following the experimental design
choices of those study authors. Multi-subject and multi-dataset analyses may also
obscure otherwise statistically significant results due to inter-subject and inter-dataset
variation. However, results that do reach statistical significance are more likely to be
true as they would need to overcome these additional sources of variation.

In-domain data samples must be defined in terms of both (1) the stimulus and (2)
the cognitive process. (1) This compilation of fMRI datasets, while large, still does
not sample the scale and diversity of a human’s multimodal and embodied visual diet.
(2) Moreover, these fMRI experiments measure brain activity during passive viewing
of visual stimuli and thus do not achieve a representative diversity of neural processes
(e.g., evoked emotions, memory recall of subjective experiences, etc.).

5 Data and code availability

MOSAIC fMRI data and model weights are available here:

1. https://aws.amazon.com/marketplace/pp/prodview-vsoockzeptxzw
MOSAIC preprocessing code is available here:

1. https://github.com/blahner/mosaic-preprocessing

Code supporting manuscript results will be released at time of peer-reviewed
publication.
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Original fMRI datasets and their respective stimuli can be accessed here:

BOLDA5000: https://openneuro.org/datasets/ds001499

BOLD Moments Dataset (BMD): https://openneuro.org/datasets/ds005165
Generic Object Decoding (GOD): https://openneuro.org/datasets/ds001246
Deeprecon: https://openneuro.org/datasets/ds001506

Human Actions Dataset (HAD): https://openneuro.org/datasets/ds004488
Natural Object Dataset (NOD): https://openneuro.org/datasets/ds004496
Natural Scenes Dataset (NSD): https://registry.opendata.aws/nsd/
THINGS: https://openneuro.org/datasets/ds004192

functional localizer experiment: https://github.com/VPNL/fLoc

© XN O N

The MOSAIC dataset (preprocessed fMRI data and test-train splits), model
weights, and code will be available upon publication in a peer-reviewed journal. Note
that the MOSAIC dataset is (1) the eight fMRI datasets preprocessed with the same
preprocessing pipeline and (2) a curated test-train split across datasets to control for
test set leakage. Reproducing the MOSAIC dataset involves downloading the raw Nifti
data from each of the eight original dataset’s publication (links above) and passing
them through MOSAIC’s preprocessing pipeline.
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7 Methods

7.1 Participants

The MOSAIC framework comprises 8 open-access datasets collectively encompass-
ing 93 subjects (Deeprecon=3; THINGS-fMRI (THINGS)=3; BOLD5000=4; Generic
Object Decoding (GOD)=5; Natural Scenes Dataset (NSD)=8; BOLD Moments
Dataset (BMD)=10; Human Actions Dataset (HAD)=30; Natural Object Dataset
(NOD)=30) viewing images or short videos. Sixteen subjects participated in two stud-
ies, as determined by correspondence with the study authors (one between GOD and
Deeprecon and 15 between NOD and HAD). Unless stated, we treat these 16 individ-
uals as 32 unique subjects to account for potential experiment-specific differences and
time-dependent changes in brain responses that may have influenced brain responses.
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Together, the aggregated MOSAIC dataset thus contains 77 unique human individuals
(29 male, 48 female).

7.2 Individual dataset experimental designs and stimulus sets

We summarize the relevant details of each dataset’s experimental design and stimulus
set in the text below and in Tables 2 and 3. Some datasets may have performed
additional tasks (e.g., retinotopy, localizer, venograms etc.) that we do not describe
here. We describe the process for filtering out duplicate or highly similar stimuli across
datasets in a subsequent section. For additional details, see the dataset’s original
publication.

7.2.1 BOLD5000

The BOLD5000 dataset [124] was collected in Pittsburgh, PA USA. Subjects 1-3
completed 15 core experimental sessions and subject 4 completed 9 core experimental
sessions of naturalistic image viewing. Images assigned to the training and testing
splits were presented in random order and could appear in the same run. Images were
presented at 4.6 degrees of visual angle for a duration of 1 second followed by a fixation
period of 9 seconds. Task vigilance was assessed by asking subjects to press a button
with their right hand (all subjects were right-hand dominant) to record their valence
judgments of ”like”, "neutral”, or ”dislike” for each stimulus. Button presses were
recorded during the fixation period.

BOLDA5000 includes 4,916 naturalistic images (n) sampled from the COCO [125]
(n=2,000), the Scene Understanding (SUN) database [126] (n=1,000), and the Ima-
geNet dataset [127] (n=1,916). The training set contains 4,803 images, each presented
once per subject. The testing set contains 113 images, proportionally representative
of the three databases (2/5 COCO, 1/5 SUN, 2/5 ImageNet), presented 1-5 times per
subject.

7.2.2 BOLD Moments Dataset

The BOLD Moments Dataset [15] was collected in Cambridge, MA USA. All ten
subjects completed 4 sessions of the main experiment. Testing set and training set
videos were presented in their respective testing and training runs. A trial consisted
of the 3 second video presentation at 5 degrees of visual angle overlaid with a center
fixation cross followed by a 1 second fixation period. Subjects were instructed to press
a button during blank trials (no video was presented), during which the fixation cross
also dimmed color.

BMD includes 1,102 3-second videos sourced from the Multi-Moments In Time
dataset [128], a subset of the Moments in Time dataset [129]. The stimulus set was
split into a training set of 1,000 videos (presented 3 times per subject) and a testing
set of 102 videos (presented 10 times per subject). All subjects viewed all stimuli the
same number of times. The videos were shot by amateur videographers (e.g., "home
videos’) and depict animate and inanimate naturalistic content.

Each subject also underwent 40 minutes of resting-state fMRI scans. Subjects were
instructed to keep their eyes closed, not think of anything specific, and remain awake.
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7.2.3 Generic Object Decoding

The Generic Object Decoding (GOD) [46] dataset was collected in Kyoto, Japan. Each
of the 5 subjects viewed naturalistic training images across 3 sessions and naturalistic
testing images across 4 sessions. A one-back vigilance task was used during the nat-
uralistic image presentations to measure the subject’s attentiveness. The naturalistic
images were presented at 12 degrees of visual angle for a duration of 9 seconds flashed
at 2Hz with an overlaid center fixation. No rest block followed the image presentation.

The GOD dataset contains 1,200 naturalistic training images (8 images each from
150 distinct ImageNet categories) and 50 naturalistic testing images (1 image from
each of the 50 distinct non-overlapping ImageNet categories). Training images were
presented once per subject, while testing images were presented 35 times per subject.

7.2.4 Deeprecon

The Deeprecon dataset [47] was collected in Kyoto, Japan, and presented naturalis-
tic training images across 15 sessions, naturalistic testing images across 3 sessions,
artificial shape images across 2-3 sessions, and artificial letter images across 1 session
for each of the 3 subjects. The authors report high accuracy on a one-back button
press vigilance task. Stimuli were presented with a central fixation for a duration of
8 seconds flashed at 2Hz subtending 12x12 degrees of visual angle. The artificial let-
ter stimuli were followed by a 12 second rest block. There were no rest blocks for the
naturalistic train, naturalistic test, and artificial shape images.

The Deeprecon dataset includes 1,200 naturalistic training images and 50 natural-
istic testing images from the ImageNet database [127], identical to those used in the
GOD dataset. Additionally, it contains 50 artificial testing images (10 letters and 40
shapes). Each naturalistic training image, naturalistic testing image, artificial shape
image, and artificial letter image was presented 5, 24, 20, and 12 times, respectively,
per subject.

7.2.5 Human Actions Dataset

The Human Actions Dataset (HAD) [130] was collected in Beijing, China. Each of
the 30 subjects participated in 1 session where they viewed 720 unique video stimuli.
Each trial consisted of the 2 second video presentation followed by a 2 second fixation
period. The videos subtended 16 degrees of visual angle overlaid with a central dot
fixation. Subjects were instructed to press one of two buttons with their right or left
thumb during the 2 second inter-stimulus fixation period to indicate if the recently
viewed video contained a ”sport” or "non-sport” action, respectively.

HAD includes 21,600 2-second videos from the Human Action Clips and Segments
(HACS) dataset [131]. Each video contains a naturalistic human action and belongs
to one of 180 action categories. Each subject viewed 720 unique videos (4 per action
category), with no videos repeated within or across subjects. The authors did not
specify a training or testing split; however, for the purpose of MOSAIC, we defined
a test set as the videos presented during each subject’s final 3 of 12 runs (3 runs
x 60 videos/run = 180 videos, one per action category). The remaining 540 videos
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per subject were designated as the training set. This approach ensures consistent
representation across all action categories in both sets.

7.2.6 Natural Object Dataset

The Natural Object Dataset (NOD) [132] was collected in Beijing, China. Subjects 1-9
participated in 4 ImageNet sessions and 1 COCO session. Subjects 10-30 participated
in 1 ImageNet session and zero COCO sessions. During each ImageNet session, subjects
viewed 1,000 unique ImageNet images presented with a duration of 1 second at a
16 degree visual angle overlaid with a fixation dot followed by a fixation period of
3 seconds. Subjects were instructed to press a button during the 3 second fixation
period with their right thumb if the image depicted an animate object and their left
thumb if the image depicted an inanimate object. During a COCO session, images
were presented with a duration of 0.5 seconds at a 16 degree visual angle overlaid with
a fixation dot followed by a fixation period of 2.5 seconds. Subjects were instructed to
press a button when they observed the fixation dot change color, which occurred with
50% probability only on blank trials.

NOD has 57,120 unique naturalistic images from the ImageNet [127] (n=57,000)
and COCO [125] (n=120) databases. Subjects 1-9 viewed 4,000 ImageNet images
one time and 120 COCO images 10-11 times. Subjects 10-30 viewed 1,000 ImageNet
images one time. No ImageNet images were repeated within or across subjects, and
the 120 COCO images were shared between the first nine subjects. Each ImageNet
session showed 1,000 ImageNet images (4 ImageNet sessions for subjects 1-9 and 1
ImageNet session for subjects 10-30), where each image represented one of the 1,000
ImageNet categories with no overlap across categories. The authors did not define a
training and testing split. Here, we defined a 80%/20% training and testing split per
subject by assigning the top 20% most perceptually diverse ImageNet and the top
20% most perceptually diverse COCO images to the test set. The perceptual diversity
of image X was measured as the median of the distances (1-cosine similarity) between
image X’s DreamSim embedding [42] and every other image’s DreamSim embedding
presented to that subject. Since all NOD subjects viewed unique ImageNet images,
each subject has a different set of training and testing set images. The training and
testing set split for the 120 COCO images were shared between the first nine NOD
subjects that viewed them.

7.2.7 Natural Scenes Dataset

The Natural Scenes Dataset (NSD) [11] was collected in Minneapolis, MN USA. Sub-
jects 1-8 participated in 40, 40, 32, 30, 40, 32, 40, and 30 core experimental sessions,
respectively. Naturalistic images in the core experimental sessions were presented with
3 second duration at 8.4 degrees of visual angle overlaid with a center fixation dot. A
1 second fixation period followed the offset of the image presentation. Subjects were
instructed to press a button with their right index finger if the observed image was
new or press a second button with their right middle finger if the observed image was
old. Button presses were recorded between 250 and 4,250 milliseconds post-stimulus
onset. Five out of 68 trials per run were blank trials.
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Subjects also participated in one synthetic session where they viewed synthetic
stimuli (such as colors, textures, line drawings, words, upside down images) with a
2 second duration followed by a 2 second blank screen (4 second trial) [133]. The
vigilance task switched between fixation and one-back in alternating runs.

NSD’s stimulus set contains 70,566 unique naturalistic images from the Common
Objects in Context (COCO) database [125] and 284 artificial images [133]. A natu-
ralistic testing set of 1,000 images were shared across subjects and presented one to
three times per subject. A naturalistic training set of 69,566 images were also shown
one to three times per subject but were not shared between subjects. In total, a sub-
ject viewed between 9,000 and 10,000 unique naturalistic images over the course of
the core experiment. The artificial testing set of 284 images were presented 2-8 times
each. Each subject viewed 64 unique color textures calibrated to their eyesight, but
given the stimuli’s high similarity across subjects, we averaged the RGB values over
subjects and treated these 64 stimuli (along with the remaining 220 synthetic stimuli)
as 'shared’ across subjects.

Each NSD subject also underwent between 100 and 180 minutes of resting-state
fMRI for a total of 960 minutes (16 hours) of resting-state data in the dataset. Subjects
were instructed to fixate on a white fixation cross on a gray background, rest, and
stay awake. Some resting-state runs included additional instructions to inhale deeply
upon changing color of the fixation cross to aid in physiological data analysis.

7.2.8 THINGS fMRI

THINGS-fmri (THINGS) [48] was collected in Bethesda, Maryland USA. The 3 sub-
jects participated in 12 main experimental sessions. Each image trial consisted of an
image presentation of 0.5 second duration at 10 degrees of visual angle overlaid with a
center fixation cross followed by a 2.5 second fixation period. Subjects were instructed
to press a button when they viewed a synthetic image. The 100 test images were
presented exactly once in random order throughout each session.

The THINGS dataset sampled 8,740 naturalistic images belonging to 1 of 720
nameable object concepts. 8,640 training set images were presented once per subject
and 100 testing set images were presented 12 times per subject. The images were
derived from the ImageNet database [127], Google images, and Bing images.

Subjects 1, 2, and 3 underwent 84, 84, and 78 minutes of eyes-closed resting-state
fMRI scans, respectively.

7.3 Stimuli aggregation

Stimuli were aggregated across all 8 datasets and filtered to account for (1) testing
and training set conflicts across datasets, and (2) perceptually similar stimuli between
train and test splits (expanded later). The final dataset contains 162,839 unique stim-
uli partitioned into a naturalistic training set of 144,360 stimuli (353,924 single trial
responses), a naturalistic testing set of 18,145 stimuli (68,011 single trial responses),
and an artificial testing set of 334 stimuli (8,072 single trial responses). We summarize
each dataset’s stimulus set in Table 2 and in the text below.

In this study we process and provide all stimuli and their associated brain responses
described above but define training and testing subsets of the stimuli for analyses that
depend on the split. When compiling the stimuli across datasets, we prioritize preserv-
ing each dataset’s original train-test splits and retaining the highest number of brain
responses while reducing the perceptual similarity between the test and train splits.
We first naively group all train and test stimuli according to their dataset-specific
training and testing splits described above. No distinction between naturalistic and
artificial stimuli were made at this stage. We then impose two filters to create a per-
ceptually distinct final training and testing set. The first filter resolves conflicts where
the same stimulus by filename is in both the training set of one (or more) dataset(s)
and in the testing set of one (or more) datasets. This case affects 1,032 stimuli. The
stimulus and associated trials belonging to the set with the least number of total single
trials was removed. In the case of a tie, the stimuli and trials belonging to the test set
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Dataset Num. Num. Num. Num. Num. Num. Num. Num. Num.
Sub- Stim- Nat. Nat. Arti- Trials Nat. Nat. Arti-
Jjects uli Train Test ficial Train Test ficial
Stim. Stim. Test Trials Trials Test
Stim. Trials
BOLD5000 4 4916 4803 113 0 18870 17255 1615 0
BMD 10 1102 1000 102 0 40200 30000 10200 0
GOD 5 1250 1200 50 0 14750 6000 8750 0
Deeprecon 3 1300 1200 50 50 24360 18000 3600 2760
HAD 30 21600 16200 5400 0 21600 16200 5400 0
THINGS 3 8740 8640 100 0 29520 25920 3600 0
NOD 30 57120 45696 11424 0 68760 55008 13752 0
NSD 8 70850 69566 1000 284 218312 191882 21118 5312
Aggregate 93 166878 148305 18573 334 436372 360265 68035 8072
Overlap (16) (2853) (1751) (70) 0 0 0 0 0
Test/Train Filter 0 0 (1008) (24) 0 (3607) (3583) (249) 0
Similarity Filter 0 (1186) (1186) 0 0 (2758) (2758) 0 0
[ Total [ 77* [ 162839 | 144360 | 18145 | 334 [ 430007 | 353924 [ 68011 | 8072 |

Table 2: Stimulus sets and acquired trials of the datasets that comprise
MOSAIC. 2,853 filenames of the aggregated stimuli entries across the datasets were
non-unique due to 2,805 stimuli being repeated across two datasets and 24 stimuli
being repeated across 3 datasets (2,829 overlapping stimuli, 2,853 non-unique filename
entries). The 2,853 non-unique filename entries are attributed to 1,751 entries only
in the training set (from 1,729 stimuli), 70 entries only in the testing set (from 68
stimuli), and 1,032 entries mixed between the training and testing sets (from 1,032
stimuli). Of the 1,032 mixed entries, the subsequent test/train filtering step removed
1,008 entries from the training set and 24 entries from the testing set. The similarity
filter, by design, only removed stimuli from the training set. * Note that in this study
we treat all 93 participants (despite the 16 duplicate participants) as different to
account for possible experiment-specific and changes within a subject across time that
may influence their measured brain responses.

is preserved. The second filter ensures that no training set stimulus is too similar to a
testing set stimulus by discarding training set stimuli and their associated trials that
exceed a predefined similarity threshold (cosine similarity between DreamSim model
embeddings [42]) to a testing set stimulus. A threshold of 0.8196 was determined by
computing the average similarity between the first and last video frames over all 1,102
video stimuli from the BOLD Moments Dataset. Since the BOLD Moments Dataset
stimuli contain no cut scenes, the similarity between the first and last frames provide
a good similarity heuristic of the same visual content that differs primarily in cam-
era angle and object placement. This similarity threshold effectively excludes training
stimuli that can reasonably be perceived as being from the same scene or of the same
object as a testing set stimulus. This second filter discards a total of 1,186 training
stimuli that were too similar to one of 622 testing stimuli (i.e., some testing stimuli
contained more than one highly similar training stimuli). In the case of BMD and
HAD videos, embeddings were averaged over frames.

The training and testing splits are defined by the stimuli, not brain responses.
Rather, from a modeling point of view, brain responses are treated as a label to a
stimulus. Thus, a single stimulus filename in either the training or testing split can be
associated with multiple single trial brain responses across subjects and datasets.

This process preserves a stimulus’s original train-test set assignment to allow fair
comparisons with prior work using each dataset author’s proposed train-test splits,
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when available. While this study’s train-test split may exclude some stimuli compared
to the original split, the stimuli are not mixed between splits. Crucially, the filters
control for test-train leakage by removing highly similar or even duplicate stimuli
(regardless of the stimulus filename) and thus enable strong tests of generalizability.

Dataset TR (sec) Scanner Functional Stimulus Visual
Strength Voxel Res- | Duration Angle (deg
(Tesla) olution (sec) x deg)
(mm)
BOLD5000 | 2 3 2x2x2 1 4.6
BMD 1.75 3 2.5x2.5x2.5 3 5
GOD 3 3 3x3x3 9t 12
Deeprecon | 2 3 2x2x2 st 12
HAD 2 3 2x2x2 2 16
THINGS 1.5 3 2x2x2 0.5 10
NOD 2 3 2x2x2 0.5, 1* 16
NSD 1.6 7 1.8x1.8x1.8 3 8.4

Table 3: Experimental protocols of the datasets that compose MOSAIC. +
In GOD and Deeprecon, the images were flashed at a frequency of 2Hz for the duration
of their presentation. * In NOD, the ImageNet images were presented for a duration
of 1 second and the COCO images were presented for a duration of 0.5 seconds.

7.4 fMRI dataset preprocessing
7.4.1 Task-fMRI preprocessing

The fMRI datasets were downloaded from their original source (see Data and Code
Availability statement) after their respective dicom to Nifti conversion performed by
the dataset authors. We then use fMRIprep (version 23.2.0) to preprocess and register
the data to fsLR32k cortical surface space, preferred for its superior inter-subject
registration over volumetric registrations [52, 59, 134] and seamless integration with
Human Connectome Project tools [135] and the HCP-MMP1.0 parcellation [43] (see
Region of Interest section below). All fMRI data were slice-time corrected to the first
slice in the acquisition period and the functional bold scans were registered to the
T1w structural scan with 12 degrees of freedom. We then estimate single trial beta
values for each subject separately using a General Linear Model (GLM) [41].

GLMsingle first fits a Hemodynamic Response Function (HRF) to each voxel
(GLMsingle types B, C, and D). When multiple repetitions of a stimulus exist, it then
employs a cross-validation procedure to estimate noise and optimally chooses up to
10 PCA components as nuisance regressors (GLMsingle types C and D). Finally, it
uses fractional ridge regression to achieve more accurate beta estimates, especially in
event-related designs used here where the BOLD signal may overlap between trials
(GLMsingle type D).

For each dataset where the acquisition TR was not time-locked with stimulus onsets
and duration (BMD, BOLD5000, NSD, NOD, THINGS), the time series at each ver-
tex was resampled (linearly interpolated) to the nearest TR that is a multiple of the
stimulus onset and offset [136]. For example, the NSD’s acquisition TR of 1.6 seconds
was temporally resampled to a TR of 1 second to accommodate its trial length of 4
seconds and stimulus duration of 3 seconds. Next, the GLM was computed for each
session independently (BMD, NSD, HAD, NOD subjects 10-30) or, when no stimuli
were repeated within a session but were repeated across sessions, for multiple sessions
concatenated together (BOLD5000, THINGS, GOD, Deeprecon, NOD subjects 1-9).
The session concatenation was performed when possible to take advantage of GLMsin-
gle’s type D procedure because its resulting betas estimates show significantly higher
noise ceilings than type B’s beta estimates [41]. When multiple sessions were concate-
nated together, GLMsingle’s ’session indicator’ option was used to internally z-score
the values over each vertex to account for differences in magnitude between sessions.
In the case of HAD subjects 1-30 and NOD subjects 10-30, where each stimulus was
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repeated exactly once throughout the experiment, six motion regressors (X, Y, and Z
translation and rotation) were used as nuisance regressors since cross-validation could
not be performed to determine PCA nuisance regressors.

The beta estimates output by GLMsingle were returned in units of percent signal
change. They were then normalized within each session (or group of sessions) by first
identifying the training set stimuli that were presented within that session (or group of
sessions). The mean and standard deviation at each vertex for those training set stim-
uli was computed. Then, normalized beta estimates at each vertex were computed by
subtracting the training set mean and dividing by the training set standard deviation
from both the training and testing sets. This normalization procedure (as opposed
to z-scoring training and testing sets independently) better accommodated datasets
where each session (or group of sessions) had few testing set examples. The training
set stimuli used in the normalization were those defined with respect to the individ-
ual dataset (detailed above), not the dataset compilation. No spatial smoothing was
applied to the data.

Trials were only discarded from this present study if their corresponding stimulus
was discarded in the stimulus set filtering process (see Table 2). Below we describe
dataset-specific GLM estimation details.

BOLDS5000 Due to a lack of within-session stimulus repetitions, we concatenated
sessions 1-5, 6-10, and 11-15 for subjects 1-3 and sessions 1-5 and 6-9 for subject 4 when
estimating single trial beta values [41]. In this way, we take advantage of GLMsingle’s
type D beta estimates. All functional runs were temporally interpolated from the
acquisition TR of 2 seconds to a TR of 1 second. The stimulus duration was set to 1
second. The resulting beta estimates were then normalized by the mean and standard
deviation of the original training stimuli’s values within that session grouping.

BOLD Moments Dataset For each subject, the GLM was computed for each of
the 4 core experimental sessions separately. The fMRI time-series was linearly inter-
polated from the acquisition TR of 1.75 seconds to a TR of 1 second. Stimuli were
modeled with a duration of 3 seconds. Blank trials were not included in the GLM.
GLMsingle type D procedure was used to estimate the single trial beta values. The beta
estimates were then normalized by the mean and standard deviation of the dataset’s
pre-specified training split within each session.

Human Actions Dataset For each subject, we compute single trial beta esti-
mates over the subject’s 1 session. Since there were no stimulus repeats within each
subject, we use GLMsingle’s type B trial estimates and input six rigid body motion
confounds (x, y, z rotation and translation) as regressors of no interest. Since the vigi-
lance task was highly correlated to stimulus features (pressing a button with the right
and left thumb if the video depicted a ’sport’ or 'non-sport’ action, respectively), two
additional nuisance regressors were input to the GLM corresponding to the left and
right thumb button presses. Button press regressors were computed by convolving a
canonical HRF (SPM) with the button press onsets, modeled with 0 second duration,
within the run. The stimulus duration was modeled as 2 seconds, the length of the
video. The resulting single trial beta estimates were normalized by the training set’s
(stimuli in the first 9 runs, described above) mean and standard deviation.
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THINGS fMRI Since no stimuli were repeated within a session, we concatenate
sessions 1-6 and 6-12 to estimate single trial betas using GLMsingle’s type D procedure
for each subject separately. The fMRI time-series was temporally interpolated from
the acquisition TR of 1.5 seconds to 0.5 seconds. The stimulus duration was modeled
as 0.5 seconds. The synthetic image catch trials were not modeled in the GLM. The
beta estimates were then normalized within each session group by the training set
stimuli’s mean and standard deviation.

Natural Scenes Dataset A GLM (type D) was computed for each session inde-
pendently. The fMRI time series input into the GLM was temporally resampled from
the acquisition TR of 1.6 seconds to a TR of 1 second to evenly fit into the stimu-
lus duration of 3 seconds and total trial length of 4 seconds. The beta estimates for
each session were then normalized by the mean and standard deviation of the training
stimuli occurring within that session.

Natural Object Dataset Since subjects 1-9 viewed multiple repetitions of COCO
images during the COCO session, the 4 ImageNet sessions and the COCO session
were concatenated together to estimate single trial beta estimates using GLMsingle’s
type D procedure. Trials used for the one-back vigilance task in the COCO sessions
were not input into the GLM. Subjects 10-30 viewed one ImageNet session with no
repeated stimuli and thus used GLMsingle’s type B procedure to estimate single trial
betas. For the type B procedure, six rigid body motion confounds (x, y, and z rotation
and translation) were input into the GLM as regressors of no interest. Due to the
high correlation between the vigilance task and stimulus features (pressing a button
with the right and left thumb if the image depicted ’animate’ or 'inanimate’ content,
respectively), we add two additional nuissance regressors to the GLM to model the
left and right thumb button presses. Button press regressors for each run (ImageNet
runs only) were modeled with button press onsets at 0 second duration and convolved
with a canonical HRF (SPM). The fMRI time series for all subjects was temporally
interpolated from the acquisition TR of 2 seconds to 0.5 seconds. The stimulus duration
was modeled as 0.5 seconds for both the ImageNet and COCO sessions despite the
ImageNet images being presented for 1 second. Specifying the same stimulus duration
across the ImageNet and COCO sessions was necessary in order to use GLMsingle’s
type D beta estimation procedure. For consistency, we also specified a 0.5 stimulus
duration for the ImageNet session in subjects 10-30. The resulting beta estimates were
normalized according the mean and standard deviation of the training and testing set
stimuli.

Generic Object Decoding All three naturalistic training (no stimulus repeats)
and 4 naturalistic testing sessions (contained stimulus repeats) were concatenated
together as input for GLMsingle’s type D beta estimation. The duration of the stim-
ulus was specified as 9 seconds. The resulting beta estimates were normalized by the
training set’s mean and standard deviation.

Deeprecon The naturalistic training, naturalistic testing, artificial shape, and
artificial letter stimuli were all presented within stimulus-specific sessions and repeated
within subjects. Thus, the sessions corresponding to each of the 4 groups were concate-
nated together and single trial beta values were estimated with GLMsingle’s type D
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procedure. The stimulus duration was specified as 8 seconds for the naturalistic train-
ing, naturalistic testing, and artificial shape session groupings. The stimulus duration
was specified as 12 seconds for the artificial letter session grouping. One-back vigilance
task trials and resting blocks (for the artificial letter sessions) were not input into the
GLM. The beta estimates within each session grouping were normalized by the mean
and standard deviation computed across all beta estimates since the session groupings
did not mix train and test splits.

7.4.2 Resting state and task fMRI time-series preprocessing

After preprocessing all fMRI data with fMRIPrep, the full runs of resting state (appli-
cable to BMD, NSD, THINGS) and task fMRI data were independently cleaned using
Nilearn’s clean_img function. Following recommendations applied to the Human Con-
nectome Project resting state data [59, 60], we detrend, filter (high pass = 0.008 Hz,
no low pass filter applied), regress out confounds, and standardize to unit variance
(in that order) of the data. For the confound regression, we use a set of 24 timeseries
confounds derived from fMRIPrep’s motion correction procedure: X, Y, and Z trans-
lation and rotation, their temporal derivatives, plus the square of those 12 regressors.
The Connectome Workbench software package was used to convert the fsLR32k cor-
tical surface to volume space to apply the cleaning and then to convert the cleaned
image back to fsLR32k surface space. This time-series data is independent of the
beta-stimulus pairs used in the above analyses. We release these time-series data to
encourage research directions that integrate the Human Connectome Project’s rest-
ing state fMRI [59, 137] (the s1200 release adds an additional 60 minutes of resting
state scans for 1,018 subjects) or explore task-based encoding/decoding approaches
on time-series data [13].

7.5 Vertex-wise noise ceiling estimation

For datasets and subjects with multiple stimulus repetitions (all datasets and subjects
minus HAD and NOD subjects 10-30), we estimate each subject’s noise ceiling at
each vertex using the single-trial beta values as brain responses [11]. We assume that
repeated viewings of the same stimulus should evoke the same fMRI response, and
a response to a stimulus is a combination of stimulus-induced signal and Gaussian
noise (regardless of whether its source be scanner, neural, physiological or other) [138].
Subject-specific noise ceilings at each vertex were estimated for each evaluation set:
naturalistic train, naturalistic test, and artificial test, where applicable. Within each
subject and evaluation set, a single-trial and trial-averaged noise ceiling was computed.

To summarize the procedure, we first derived the signal variance by subtracting the
data’s total noise variance from its total variance. We then computed a noise ceiling
SNR (nesnr) term as the ratio of signal to noise standard deviations. The noise ceiling,
in terms of variance explained, is ncsnr? divided by nesnr? + tavg, Where the t4,4
term modulates the noise ceiling estimation by how many trials are being averaged.
We assume that the beta response data for a given subject and evaluation set may
contain stimuli with varying number of repetitions.
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To calculate the total noise variance, we pool the noise variance across subsets of
the data with equal number of repetitions per stimulus by weighting each subset’s
noise variance by its degrees of freedom.

For a given data subset p, the noise variance was computed as:
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where s is the number of stimuli in the subset and B2 is the variance between stimulus
repetitions using n — 1 degrees of freedom.
Pooling each subset’s noise variance gives the total noise variance of the data
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where B is the number of data subsets, df), is the degrees of freedom for the p’th
subset (nstimuli x (nrepetitions — 1)), and dfiotq; is the sum of each subset’s degrees
of freedom. Note that if all stimuli across all the data have the same number of
repetitions, there are no subsets and the degrees of freedom terms cancel.

We then compute the total variance for each vertex as square of the standard
deviation over all single trial beta estimates from all stimuli and repetitions:
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where B is a single trial beta estimate, p is the average response at the vertex, and
N is the number of single trials.
The signal variance is estimated as total variance minus the total noise variance:
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The signal variance was positively rectified where negative values were mapped to
0 and positive values remained the same. The rectified signal variance and the noise
standard deviation was used to compute a noise ceiling SNR, measure:
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Finally, we use ncsnr to compute a noise ceiling measure expressed as percent of
signal variance to total variance for different degrees of trial averaging:
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To estimate a noise ceiling for a constant number n of averaged trials per stimulus,
the tquq term is 1/n. In the case where stimuli have varying number of repeats:

ZR nstimuli,
o r=1 T

tan - R . .
> ey nstimuliy.

where nstimuli, is the number of stimuli with r repeats and R is the maximum number
of repetitions of a stimulus in the data.

7.6 Regions of interest

We use the HCP-MMP1.0 parcellation [43] to define Regions of Interest (ROI). The
HCP-MMP1.0 parcellation is defined by functional, connective, topographic, and
architectural properties across 210 healthy adult subjects from the Human Connec-
tome Project [9]. The parcellation defines a total of 180 cortical regions per hemisphere.
Geographically contiguous regions that share functional, connective, topographic, or
architectural properties are additionally assigned to one of 22 super groups. The HCP-
MMP1.0 parcellation’s ROI definitions are accurately registered to the fsLR32k space
as both the parcellation and the fsSLR32k space are derivatives of the Human Con-
nectome Project. We access the ROI definitions for analysis and visualizations using
the hep-utils (GitHub: https://github.com/rmldj/hep-utils) Python package. Since
all functional fMRI data in this study is also registered to the fsLR32k space, the
HCP-MMP1.0 parcellation enables accurate vertex-to-vertex and ROI-to-ROI corre-
spondences across subjects and datasets. Note that we do not use subject-specific ROI
definitions (e.g., those defined via functional localizers or retinotopic experiments) in
this study.

The fsLR32k space [52] uses surface-based registration to define cortex and a
volume-based registration to define subcortical structures. The fsLR32k mesh is com-
posed of 91,282 ”grayordinate” points, where 29,706 vertices define the left hemisphere
cortex, 29,706 vertices define the right hemisphere cortex, and 31,870 voxels define
subcortical structures. Cortical vertices are sampled roughly 2mm apart and subcor-
tical voxels are defined with 2mm voxel resolution. In this work, only the left and
right hemisphere cortical vertices, fully specified by the HCP-MMP1.0 parcellation’s
180 per-hemisphere ROIs, are analyzed.

Various sources of noise, such as fMRI scanner dropout, subject motion artifacts,
and fMRI scanner inhomogeneities, may lead to undefined vertices (e.g., values of NaN
or Inf) in individual fMRI trials. While removing vertices from all subjects that were
undefined in potentially only one trial of one subject guarantees that the undefined
vertices will not confound results, we recognize that some analyses may benefit from
using the most signal when available or require all vertices to take on a finite value. To
accommodate such analyses, we control for the undefined vertices for each single trial
brain response by filling in their value with the mean value of immediately adjacent
cortices. Specifically, for each undefined vertex, we calculate its fraction of adjacent
vertices that are defined by a finite value. We identify the vertex with the greatest
fraction of defined neighbors and fill in its value as the mean of its defined neighbors.
We then recalculate the fraction of well-defined adjacent vertices for each remaining
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undefined vertex and repeat until no more undefined vertices remain. This algorithm
does not discard any vertices and preserves the well-known spatial correlation between
cortical responses, as opposed to other methods that might fill in the undefined vertices
with single values (i.e., all zeros) or a value sampled from a distribution. The goal
of this procedure is not to estimate true signal at undefined vertices but rather to
preserve signal at vertices that are undefined in some trials while aiming to minimize
‘unique identifiers’ in the data from stark differences in distributions. Ultimately, any
technique to fill in missing values may unintentionally introduce biases, so ensuring
results are interpretable and generalizable are paramount.

Across all trials from all subjects and datasets, a total of 2,361 cortical vertices
(out of 59,412 cortical vertices) were undefined in at least one trial. We show which
subjects and ROIs had trials with undefined vertices in Supplementary Fig. A2.

7.7 Decoding from high and low diversity stimulus subsets

High and low diversity stimulus subsets were selected by first randomly choosing
one of the stimuli observed by the subject as a seed. All pairwise distances were
then computed between the seed’s DreamSim [42] features and every other stimulus’s
DreamSim features. The 200 nearest neighbor stimuli were selected as the low diversity
subset. The high diversity subset was selected using the farthest-first algorithm, where,
starting from the stimulus furthest away from the seed, the stimulus with the maximum
minimum pairwise distance to the already selected high diverse stimuli is added to the
subset until 200 stimuli are sampled. The same stimulus can be part of both the high
and low diversity subsets. Given the high and low diversity subsets become increasingly
similar as the number of samples increases, we fixed the number of samples to 200 to
balance maintaining a strong distinction between subsets and sampling a reasonable
amount of stimuli.

A linear decoding model (ridge, k=5 fold cross validation, best « selected log-
linearly between 10~* and 10%) was trained to map brain activity from the visual
cortex (MMP1.0 sections 1-5) to the corresponding DreamSim features. PCA (n=100
features) and normalization (0 mean, unit standard deviation) was fit to the training
set brain activity and applied to the testing set brain activity before model training.
Identical PCA and normalization was also applied to the DreamSim features before
model training. All models were trained on data from one subject at a time. One
hundred PCA components was chosen to ensure that the number of features was less
than the number of samples (n=200).

The models trained on the high diversity and low diversity subsets each predicted
the DreamSim features of each subject’s naturalistic test set. Prediction accuracy was
computed by correlating (Pearson) the predictions with the ground truth DreamSim
features (after PCA) and averaging over the samples in the test set. The entire pro-
cedure from stimulus subset sampling to model prediction was repeated fifty times
per subject in order to obtain a distribution of predictions and control for undesired
confounds between a subset’s stimulus features and target features.

Decoding was also performed with varying levels of training data (Fig. 4f). PCA
was applied to the brain activity and DreamSim features in the same way described
above. The number of samples was ensured to be at least 200 to allow a reasonable
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ratio between number of samples and PCA features. The farthest-first sampling strat-
egy and the nearest neighbor sampling strategy are described above for the high and
low diversity sets, respectively, but here the exact number of stimuli in the final set
is varied. The random sampling method randomly chose the desired number of sam-
ples without replacement. Decoding results were also repeated fifty times per training
set size and sampling strategy to measure the variation in the data. To ensure the
decoding results from the three sampling strategies were equal when using 100% of
the data, the indices were sorted so the cross-validation procedure would select the
same hyperparameters.

7.8 Brain-optimized model architectures

The CNN8 model architecture followed that used in [12] and was composed of a
shared core network consisting of eight 2D convolutional blocks followed by subject-
specific linear factorized readout heads [95]. Each convolutional block consisted of 2D
convolution, 2D batch normalization, and ReLLU layers. The convolutional layer kernel
sizes ranged from 5x5 (blocks 1 and 2) to 3x3 (blocks 3-8) and padding ranged from
1 (blocks 1, 3-8) to 2 (block 2). No bias was used in the convolutional layers. The
number of input and output channels for each convolutional layer was 384 (except the
3 RGB channel features for the initial input). Convolutional weights were initialized
with kaiming uniform initialization. An average pooling layer of kernel size 2 and stride
2 was inserted after blocks 2, 4, and 6. An average pooling layer of kernel size 2 and
stride 1 was inserted after block 8. Each readout head consisted of two weight matrices
("spatial” and ”features” matrices) initialized with a bias of 0 and weights following
a normal distribution (mean 0, std 0.001). The spatial weights were normalized with
L2 normalization.

We additionally used the PyTorch implementation of AlexNet [97], SqueezeNet1.1
[98], ResNet18 [99], and Swin-T [100] models (Fig. 5d). To adapt these models from
image classification to brain activity prediction, the final layer(s) that flattened the
feature map for the purpose of image classification were discarded so the output (i.e.,
input to the linear readout head) was shape (channels x height x width). AlexNet
and SqueezeNetl.1 architectures additionally added BatchNorm2D layers after each
convolutional layer to stabilize brain-optimized training and improve brain prediction
performance. The task-optimized versions of each of the four models used the publicly
available IMAGENET1k _V1 model weights from PyTorch.

7.9 Brain-optimized model training

Models were trained on seven Nvidia Titan RTX GPUs for a maximum of 100 epochs.
Early stopping was used if no improvement to validation loss (above delta=0.002) was
recorded for 7 epochs. Model weights resulting in the lowest validation loss at the end
of an epoch were saved. The learning rate was initialized a le-4 and was scheduled to
decrease by a factor of 0.3 if no relative improvement (threshold=1e-4) in validation
loss was seen after 6 epochs (PyTorch’s "ReduceLROnPlateuau”). The model was
trained with an Adam optimizer initialized with a weight decay of le-4. The model
weights were initialized with the default kaiming initialization. The model was trained
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with a batch size of 64 composed of a random sampling of fMRI-stimulus pairs across
all 93 subjects (unless stated otherwise). The loss function was mean squared error
(MSE). The train/validation split was 90%/10%, respectively.

Stimulus inputs were center square cropped along the shorter dimension, resized
to 224x224 pixels, and normalized (mean=[0.485, 0.456, 0.406], std=[0.229, 0.224,
0.225]). For video inputs (i.e., BMD and HAD), the middle frame was used. No data
augmentations were used as standard data augmentations (e.g., flipping, rotating)
could reasonably result in a different brain response label and thus add noise to the
training.

The fMRI data per stimulus was averaged over all trials for a given subject to
increase signal. The model predicted a final output of 7,831 vertices (unless stated
otherwise) corresponding to defined values in the MMP1.0 parcellation sections 1-5
[43]. No other vertex selection criteria, such as a noise ceiling threshold, was used.

7.10 In silico functional localizer

We perform the localizer experiment described in [106] on a brain-optimized model
composed of a 8-layer CNN (CNNB) core and eight subject specific readout heads
for the eight Natural Scenes Dataset subjects. The model was not trained on all 93
MOSAIC subjects due to the each readout head’s larger size from whole brain pre-
diction (57,051 non-nan vertices) that exceeded our available GPU memory. Once
trained, we run inference on the localizer’s set of 1,584 images for each subject sepa-
rately. The images underwent the same image transforms used in training, where they
were center square cropped along the shorter dimension, resized to 224x224 pixels,
and normalized (mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]).

Six contrasts were performed between the different image categories following
the protocol outlined in [106] to identify character-, body-, face-, place-, object-,
and object LOC-selective regions (character: ['word’, 'number’] > [*body”, ”limb”,
”child”,”adult”, ”corridor”, "house”, ”car”, ”instrument”], body: ["body”, "limb”] >
[”child”,”adult” ,”corridor”, “house”, ”car”, ”instrument”, ”word”, "number”], face:
[?child”, ”adult”] > ["word”, number”, "body”, "limb”, ”corridor”, "house”, ”car”,
”instrument”], place: [?corridor”, "house”] > ["word”, "number”, "body”, "limb”,
”child”, ”adult”, ”car”, ”instrument”], object: [?car”, ”instrument”] > [*word”, " num-
ber”, "body”, ”limb”, ”child”, ”adult”,”corridor”, ”house”], object LOC: [’car”,
7instrument”] > [”scrambled”]). For each contrast, the average responses of the nega-
tive categories were subtracted from the average responses of the positive categories.
A contrast threshold was determined by computing the maximum F1 score from a
precision-recall curve. All vertex values above the threshold defined the predicted
binary contrast. The selected set of vertices were not constrained in any way, such as
to be contiguous or within a certain cortical region or hemisphere.

We then used the trial-averaged fMRI responses from a given subject and their
category-specific masks to identify the top 100 stimuli with the highest vertex-averaged
response within the category-specific mask. Both naturalistic and artificial stimuli
were able to be chosen.
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7.11 Statistics

In section 2.2, we use the non-parametric Wilcoxon signed-rank test [139] to test
significant differences between high minus low diversity subset correlations (Fig. 4d)
and high minus low diversity subset standard deviation (Fig. 4e) (p<0.05, two-sided,
against a difference of zero). Effect sizes were estimated using the Common Language
Effect Size (CLES) expressed as n_positive + (n_ties/2))/n_total.

To measure the subject-specificity of the fROIs, we also use the Common Language
Effect Size expressed as n_positive + (n_ties/2))/n_total. In other words, for each
subject, it is the proportion out of four contrasts where the same-subject is higher
ranked than the mean of the other-subject ranks.
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Appendix A Appendix

Core Network Network Core Readout Total Core Brain TmageNet | ImageNet
Family Params Params Params Output Pred. Top-1 Top-5
(one (one Dims Corre- (%) (%)
head) head) lation
(norm.)
CNN8 CNN 11,683,068 | 8,308,691 | 10,992,659 | (384,26,26) 0.478
AlexNet CNN 2,472,000 | 2,294,483 | 4,766,483 | (256,6,6) 0.402 56.5 79.0
SqueezeNet 1.1 CNN 728,384 5,340,742 | 7,069,126 | (512,13,13) 0.442 58.2 80.6
ResNet18 CNN 11,176,512 | 4,401,022 | 15,5677,634| (512,7,7) 0.435 69.8 89.1
Swin Tiny Transformdr 27,519,354 | 6,405,758 | 33,025,112 (768,7,7) 0.346 81.5 95.8

Table A1l: Differences in brain-optimized architectures. Brain-optimized net-
works are constructed using different core network architectures to predict visual
cortex (MMP1.0 sections 1-5, 7831 output vertices). The Brain Prediction Correla-
tion (normalized) column averages NSD subjects 01-08 and Deeprecon subjects 01-03
median voxelwise correlation over visual cortex vertices predicted with the 93-subject
multi-head framework. The ImageNetlk task accuracies use the respective model’s
pretrained weights available through PyTorch. Note that the number of parameters
in the brain-optimized core network may differ from its ImageNetlk-optimized coun-
terpart due to the trimming of fully connected layers and, in the case of AlexNet and
SqueezeNet1.1, the addition of BatchNorm2d layers.
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Test Stimulus Most similar train set stimuli

Dissimilarity to test stimulus

Fig. Al: Examples of stimulus curation procedure. The perceptual similarity,
as measured by cosine similarity between each stimulus’s DreamSim embeddings, was
computed between each test stimulus and all train stimuli. Train stimuli that exceed
a predetermined similarity threshold are excluded from the train set as to limit train-
test set leakage in the aggregated MOSAIC dataset. The graphic shows the most
similar train stimuli to a test stimulus and whether the train stimulus exceeded the
threshold to be excluded (red X) or not (green checkmark). Note that stimuli that
fall below the similarity threshold for a given test set stimulus (green checkmark) can
still be excluded for being too similar to another test stimulus. The first two rows
depict excluded train stimuli that are a different moment in time of a test stimulus.
The middle two rows show excluded train stimuli that are crops of a test stimulus.
The final two rows show excluded train stimuli that are different scenes from a test
stimulus but are perceptually very similar.
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Number of Undefined Vertices and Total Vertices by ROI
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Fig. A2: Undefined cortical vertices across subjects. a Undefined vertices across
subjects: The carpet plot highlights the percent of trials with undefined values at
each vertex for each subject. The color white signifies the vertex for that subject was
never undefined. If the vertex were undefined at at least one trial, the percent of trials
with undefined values is colored according to the black-red gradient. b Undefined
vertices per ROI: For each region of interest (ROI) with at least one vertex undefined
over all trials and subjects, the gray bar shows the total number of vertices (exact
number above the bar) and the red bar shows the number of undefined vertices (exact
number below the bar). ¢ Location of undefined vertices: The average of subject-
average undefined values divided by number of trials is plotted on the flat map. A
color of gray denotes the vertex was never undefined over all trials and subjects. The
black to white gradient shows how often the vertex was undefined.
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Fig. A3: Average noise ceiling in visual cortex by subject. The noise ceiling at
each vertex was estimated for the 43 subjects that contained repeated stimulus presen-
tations (all subjects except Natural Object Dataset subjects 10-30 and Human Actions
Dataset subjects 1-30) as described in 7.5. Here we plot the noise ceiling averaged over
visual cortex (MMP1.0 sections 1-5, 7831 vertices) for each subject. Single-trial noise
ceiling estimates (n=1) were computed from responses in each subject’s naturalistic
train set, when available. Because subjects in Generic Object Decoding, THINGS, and
BOLD5000 datasets were not shown repeated stimuli in their naturalistic train set,
responses in their naturalistic test set was used. Note that these average noise ceiling
estimates are only a coarse approximation of data quality.
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Fig. A4: Brain-optimized model comparison scatter plot a Correlation and
noise normalized correlation scatter plots. Each point represents the prediction accu-
racy of one of the 7831 vertices from the single-head single-subject model (y-axis)
trained on sub-01 NSD and the multi-head model trained on all 93 subjects (x-axis).
Each model predicted sub-01 NSD’s response. Prediction accuracy is the correlation
(left) or noise normalized correlation (right) between the model predictions and ground
truth response. Points are color-coded according to which MMP1.0 section they belong
to (MMP1.0 sections 1-5 encompasses increasingly higher-level regions of visual cor-
tex). Points that lie above the diagonal black line mean the single-head single-subject
model was the better predictor, and points that lie below the diagonal black line mean
the multi-head all subject model was the better predictor. b Correlation difference on
cortical flatmap. The flatmap shows the multi-head all subject minus the single-head
single-subject (panel a, left) difference in correlation at each vertex.

Difference in correlation
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Training on the whole brain decreases
prediction performance in visual cortex

Median Normalized Correlation
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. Trained on NSD, visual cortex prediction
. Trained on NSD, whole brain prediction

NSD-trained model has better prediction
performance than the full dataset-trained model
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[ Trained on all datasets, visual cortex prediction
Fig. A5: CNN8 multi-head framework training ablations. a Whole brain versus
visual cortex training. A CNN8 multi-head model was trained on the Natural Scenes
Dataset to predict the full cortex (green) and, separately, visual cortex (magenta).
The prediction accuracy is the median noise normalized correlations over all of visual
cortex. b NSD versus full dataset training. A CNN8 multi-head model was trained to
predict visual cortex using brain responses from all 93 subjects in MOSAIC (cyan) and
only the eight Natural Scenes Dataset subjects (magenta). The prediction accuracy is
the median noise normalized correlations over all of visual cortex. The model trained
on the Natural Scenes Dataset to predict visual cortex is the same in both panels (a)
and (b) (magenta).
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Fig. A6: Noise ceiling signal-to-noise ratio comparison between MOSAIC
and Natural Scenes Dataset (NSD) preprocessing pipelines. For each of the
eight NSD subjects, the NCSNR at each vertex is plotted for the data derived from
the MOSAIC preprocessing pipeline and from NSD’s original preprocessing pipeline.
The NSD data used here was resampled to fsaverage space by the dataset’s original
authors and most comparable to MOSAIC’s data registered to fsSLR32k space. Strong
spatial similarities exist between the two spaces, suggesting MOSAIC’s pipeline gives
comparable results to NSD’s original pipeline.
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Fig. AT: Identification of most predictive layer of task-optimized models
and performance of voxelwise encoding models. a Model activations from the
naturalistic training set images of each of MOSAIC’s 93 subjects were extracted from
different layers of AlexNet, ResNetl8, SqueezeNetl.1, and Swin Tiny models pre-
trained on the ImageNetlk task (model architecture and weights publicly available
on PyTorch). A linear model (ridge, k=5 fold cross validation, best « selected log-
linearly between 10~ and 10%) was trained and tested on the activations from each
layer using 5-fold cross validation. The model accuracy at each layer is the median
pearson correlation between the predicted and ground truth fMRI response of visual
cortex (MMP1.0 sections 1-5). The histogram plots how many of the MOSAIC sub-
jects found each layer in each model to be most predictive of visual cortex. The overall
most predictive model layer of visual cortex was then selected as the layer with most
subject agreement (red start).
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Fig. A7: (continued) b Voxelwise encoding model predictions on external dataset. We
extract model activations from the last core layer in models with weights optimized
for brain prediction (blue), ImageNetlk task classification (magenta), and randomly
initialized (cyan), and activations from the most predictive task-optimized layer (deter-
mined in a) (purple). A convolutional layer, followed by a linear mapping is learned
between model activations and Fusiform Face Area (FFA), Parahippocampal Place
Area (PPA), and Extrasriate Body Area (EBA) voxels of brain activity [105]. Error
bars are standard deviations over five random seeds.
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CCNB8 multi-head framework predicting naturalistic test set
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Fig. A8 CNNS8 multi-head framework prediction over all subjects. a Natu-
ralistic test set prediction. The model predicts vertex-wise fMRI responses in visual
cortex (MMP1.0 sections 1-5) for all 93 subjects in response to each subject’s natural-
istic test set. Prediction accuracy at a given vertex is the Pearson correlation between
the predicted and ground truth fMRI activity. b Artificial test set prediction. The
model predicts vertex-wise fMRI responses in visual cortex (MMP1.0 sections 1-5) for
the 8 Natural Scenes Dataset (NSD) and 3 Deeprecon subjects in response to each
subject’s artificial test set. The other datasets do not have an artificial test set. Predic-
tion accuracy at a given vertex is the Pearson correlation between the predicted and
ground truth fMRI activity. In both a and b plots, each subject’s median prediction
accuracy over the vertices within the individual MMP1.0 sections 1 (green), 2 (red), 3
(blue), 4 (orange), and 5 (purple) and the combined MMP1.0 sections 1-5 (pink) are
plotted (black points). Error bars reflect the 95% confidence interval around the mean
of the subjects within a dataset.
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Fig. A9: NSD sub-01 top 100 stimuli. The top 100 stlmuh whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated
contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.

47



Bodies Places

hﬁﬂﬂi.lﬁlﬁ Bl L 2 =

=103
HHE?%IIHHH
Teres feais
o o 0 D v
P e s I e B i B

Fig. AlO NSD sub-02 top 100 stimuli. The top 100 stimuli whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated
contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.
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Fig. A11: NSD sub-03 top 100 stimuli. The top 100 stimuli whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated
contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.
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Fig. A12: NSD sub-04 top 100 stimuli. The top 100 stlmuh whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated
contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.
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Fig. A13: NSD sub 05 top 100 stlmuh The top 100 stimuli whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated
contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.
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Fig. A14: NSD sub-06 top 100 stimuli. The top 100 stimuli whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated

contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.
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Fig. A15: NSD sub 07 top 100 stimuli. The top 100 stimuli whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated
contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.
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Fig. Al6: NSD sub 08 top 100 stimuli. The top 100 stimuli whose measured fMRI
responses (averaged over trials) most strongly activated the vertices in the estimated

contrast mask are plotted. Stimuli were ranked based on their trial-averaged fMRI
response averaged across the vertices in each contrast defined by maximum F1 score.
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