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Abstract

A key question for adapting modern deep learning architectures to functional MRI
(fMRI) is how to represent the data for model input. To bridge the modality gap
between fMRI and natural images, we transform the 4D volumetric fMRI data
into videos of 2D fMRI activity flat maps. We train Vision Transformers on 2.3K
hours of fMRI flat map videos from the Human Connectome Project using the
spatiotemporal masked autoencoder (MAE) framework. We observe that masked
fMRI modeling performance improves with dataset size according to a strict power
scaling law. Downstream classification benchmarks show that our model learns rich
representations supporting both fine-grained state decoding across subjects, as well
as subject-specific trait decoding across changes in brain state. This work is part of
an ongoing open science project to build foundation models for fMRI data. Our
code and datasets are available at https://github.com/MedARC-AI/fmri-fm.

1 Introduction

Functional MRI (fMRI) exploits properties of nuclear magnetic resonance to record a noisy 3D
map of a person’s brain activity every ~1-2 seconds. A major goal of translational neuroscience
is to extract clinically useful information from these remarkable but complicated data [1, 2]. In
other domains, “foundation model” [3] approaches to analyzing complex scientific data have made
significant progress [4—7]. These approaches, adapted from the broader deep learning community,
e.g. [8-11], involve combining large scale data and compute together with flexible neural network
architectures and self-supervised learning (SSL) paradigms. Can we unlock novel clinical applications
for brain and mental health by similarly applying this foundation model strategy to fMRI?

There is growing interest in training foundation models on large-scale fMRI data [12-20]. One of
the major considerations when adapting the foundation model paradigm to fMRI is how to format or
“tokenize” the data for model input (see also Azabou et al. [21]). Modern neural network architectures
such as transformers expect a sequence of embedding vectors as input. Most approaches for tokenizing
fMRI first reduce each 3D fMRI volume to a fixed dimension vector by averaging the activity within
a set of non-overlapping regions of interest (ROIs) from a standard brain parcellation [22, 23]. The
parcellated fMRI time series is then transformed into an input embedding sequence using a linear
token embedding. This is a computationally tractable approach leveraging the inductive bias that
local cortical neighborhoods are functionally integrated. However, parcellating the native fMRI time
series is lossy, reducing the dimensionality by ~100x.

At the other extreme, a few works tokenize the native 4D fMRI volume data directly. Both Kim
et al. [16] and Wang et al. [20] use an initial 4D convolution to transform the high-resolution 4D
time series to a lower resolution 4D grid of embedding vectors, which are then input to a transformer
encoder with local window attention [24]. This approach preserves the full information content of the
fMRI data, but is more computationally expensive than parcellation-based approaches. Furthermore,
the native 4D input representation places a greater burden on the model to learn the intrinsic structure
of the data from scratch (e.g. localization of fMRI signal to gray matter, cortical folding, anatomical
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Figure 1: Our flat map MAE (fm-MAE) architecture. Surface-mapped fMRI activity patterns are
projected to a flattened cortical mesh [30], resampled as 2D images, and tokenized into patches. We
train a standard ViT [31] on temporal sequences of “patchified” flat maps using a spatiotemporal
MAE [11, 32]. A large fraction of the image patches are first masked. The encoder computes
embeddings for the remaining observed patches, which are passed to the decoder. The model is
trained to minimize the MSE loss between the decoder output and pixel values for masked patches.

and functional networks [25-27]). While the Bitter Lesson [28] reminds us that more native, agnostic
approaches like this ultimately prevail, they require more data and compute to do so [29].

In this work, we propose an intermediate tokenization strategy that preserves the full dimensionality
of the data while eliminating the complexity of modeling fMRI in native 4D volumetric space.
Specifically, we represent an fMRI activity time series as a series of 2D maps overlaid on a flattened
cortical surface mesh (Figure 1). This flat map representation maintains the full cortical fMRI
signal (like native 4D approaches), while also explicitly injecting the inductive bias of local cortical
neighborhoods (like parcellation approaches). And crucially, since fMRI flat maps are standard 2D
images, they can be tokenized by dividing into square non-overlapping patches (“patchifying”), and
modeled using a standard vision transformer (ViT) [31].

To train ViTs on sequences of fMRI flat maps, we adopt the spatiotemporal masked autoencoder
(MAE) framework [11, 32]. We pretrain our flat map MAE (fm-MAE) using 2.3K hours of publicly
available preprocessed fMRI data from the Human Connectome Project (HCP) [33]. We find that
masked signal reconstruction improves with increasing pretraining data according to a strict power
scaling law—a hallmark of an effective foundation model. To our knowledge, this is the first time
that exact power law scaling has been observed for an fMRI foundation model. In a preliminary
evaluation of our model’s downstream decoding performance, we observe “signs of life” that state of
the art performance is attainable using this framework. The current work is part of an ongoing open
project organized through the MedARC Discord', where we invite feedback and collaboration.

2 Method

Flat map data representation. To transform native 4D volume fMRI into sequences of 2D flat maps
the data must first be preprocessed using a surface-based fMRI processing pipeline [34—37]. In this
work, we use the official surface-preprocessed data provided by the dataset maintainers [33, 38, 39].
The outputs of preprocessing are fMRI data mapped to a group template cortical surface mesh (e.g.
fsaverage, fsLR). We copy the surface-mapped data to a corresponding flat surface mesh created by
pycortex [30], and resample to a regular image grid using linear interpolation. More details on flat
map data generation are in Appendix B.1.

Model architecture. In principle, any modeling approach developed for natural images and video
can be applied to fMRI flat maps. In this work, we experiment with the spatiotemporal masked
autoencoder (MAE) [11, 32] (Figure 1). Briefly, an MAE consists of a large encoder and smaller
decoder ViT [31]. An input image is first divided into a grid of square patches. The encoder receives a
sparse subset of observed patches, while the remaining patches are removed as masked. The encoded
latent embeddings for the observed patches are combined with [MASK] tokens and passed to the
decoder, which predicts pixel values for the masked patches. The model is trained to minimize the
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mean squared error (MSE) between the predicted and masked patches. After pretraining, the decoder
is discarded and the encoder is applied to fully observed inputs. To extend from single images to
video, the square p X p patches are expanded to p; X p X p “spacetime” patches, and the learned ViT
position embedding is factorized into temporal plus spatial components [32].

One key difference between fMRI flat maps and natural images is the presence of all-zero background
pixels that occupy ~40% of the image grid. We exclude entirely empty patches from both encoding
and decoding, and compute the MSE loss only for valid, non-background pixels. This is the only
significant change required to adapt MAEs to fMRI flat maps.

3 Experiments

3.1 Setup

Dataset. We pretrain our fm-MAE model using the minimally preprocessed data from the Human
Connectome Project (HCP) [33, 36]. The dataset includes 21633 fMRI runs collected from 1096
subjects spanning task, resting-state, and movie watching conditions (total scan time 2291 hours).
We preprocess the surface-mapped HCP data by normalizing each vertex time series to zero mean
unit variance, and temporally resampling to a fixed repetition time (TR) of 1s. We then resample the
data to a flat map grid of size 224 x 560 (1.2mm pixel resolution, 77K valid non-background pixels).
To reduce global signal variation [40], we further normalize each frame to zero mean unit variance
across the spatial grid. The total number of resulting flat map frames is 8.2M. We split the dataset
by subject into training (7.4M frames, 979 subjects), validation (0.4M frames, 59 subjects), and test
(0.4M frames, 58 subjects) so that family related subjects are assigned to the same split.

Pretraining setup. Inputs are clips of 16 single-channel flat map frames. Our default spacetime
patch size is p; X p X p = 16 x 16 x 16. This means each patch covers the full temporal sequence
length (“temporal depth”). We use a default masking ratio of 0.9 (48 visible patches per sample).
To prevent the model from interpolating across time, we adopt tube masking from VideoMAE [41].
More details on pretraining are in Appendix B.2.

Downstream evaluation tasks. We evaluate our model using two previously used benchmarks:
HCP 21 class cognitive state decoding [42—44] and UK Biobank (UKBB) sex classification [16, 18].
We also implement a new CLIP classification benchmark using the Natural Scenes Dataset (NSD)
[38]. NSD is a dataset of 8 subjects viewing natural images from MS-COCO [45]. The task is to
predict a global image label assigned by CLIP [46] from a set of 41 alternatives (e.g. “photo of
dog”, see Appendix B.4). Each dataset consists of 16s fMRI flat map clips generated using the same
pipeline as for pretraining. For each evaluation, we construct small training, validation, and test sets
(~60K/10K/10K samples). For HCP, we use the same subject splits as in pretraining. For UKBB, we
select small random subsets of independent subjects (train: 1645, validation: 248, test: 272). For
NSD, we hold out subject 4 for testing and use the remaining 7 subjects for training and validation.

Attentive probe evaluation. We use an attentive probe to evaluate the quality of our learned
representations [47, 48]. The input to the attentive probe is a sequence of feature embeddings from
our pretrained fm-MAE encoder. The attentive probe classifier pools the embeddings into a single
global representation by cross-attention with a single learned query vector. The pooled embedding is
then passed to a standard linear classifier. Importantly, the encoder is frozen for probe training.

Baseline models. We compare our fm-MAE against two simple baseline models. The first is
a connectome baseline [49-51]. Given an input clip of fMRI activity, we compute a functional
connectivity matrix using the Schaefer 400 parcellation [22] and extract the flattened upper triangle
as a feature embedding for a linear classifier. The second is a patch embedding baseline. As with our
fm-MAE, an input sequence of flat maps is transformed into a grid of embeddings using a learned
patch plus position embedding. The embedded patches are then passed directly to an attentive probe.

3.2 Masked reconstruction performance

In Figure 2 we visualize the masked reconstructions of our default fm-MAE model (ViT-B, spacetime
patch size 16 x 16 x 16) on examples from the HCP and NSD validation sets. Our fm-MAE is
able to reconstruct precise fMRI activity patterns given limited context. The predictions are notably



(a) HCP validation set (in distribution) (b) NSD validation set (out-of-distribution)

Figure 2: Visualization of MAE predictions. Within each panel of 3 x 3 images, we show the masked
input (left), MAE prediction (middle), and target data (right). We show predictions for 3 frames
spaced 4s apart from top to bottom. The model is a ViT-B with a spacetime patch size of 16 x 16 x 16.
RGB color mapping is for visualization only, model inputs and predictions are single channel.
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Figure 3: fMRI modeling performance scales with dataset size. The model is a ViT-B trained on
varying size subsets of HCP from N = 500K to 7.4M frames (59 to 979 subjects). Stars indicate
epochs with lowest test loss selected for power law estimation. Power law parameters in (b) are
fit using only the first 3 loss values to illustrate the deviation from prediction. In-distribution
reconstruction obeys a strict power law, whereas OOD reconstruction shows signs of saturating.

smoother compared to the noisy target data. This illustrates how MAEs can function as implicit
denoisers [11, 52]. Structured signal can be reconstructed while unstructured noise cannot.

Scaling laws. In Figure 3, we show how masked reconstruction performance scales with pretraining
dataset size. We pretrain our default ViT-B on varying size subsets of the HCP training set. In
Figure 3a, we observe the expected pattern of greater train/test divergence for smaller subsets,
indicating that the over-parameterized ViT-B is able to strongly overfit the undersized datasets.
Most importantly, we find that fMRI masked reconstruction performance obeys a strict power law
relationship (i.e. “scaling law”) with dataset size. This is consistent with now classic work showing
that language modeling performance scales log-linearly with the amount of pretraining data [53, 54].

Interestingly, we observe a similar but weaker scaling effect for the out-of-distribution NSD validation
set (Figure 3b). Masked reconstruction performance on NSD improves monotonically with more
HCP pretraining data, but the rate of improvement slows compared to the power law prediction.
This raises the possibility that HCP is insufficiently diverse to support learning truly generalizable
representations (see also Oquab et al. [55] for discussion of the importance of data diversity).

3.3 Downstream decoding

Effect of dataset size. In Section 3.2, we observed a strong effect of dataset size on masked
reconstruction performance, particularly for in-distribution data. For downstream decoding, the effect
is weak (Figure 4, left column). The models pretrained on the two largest subsets outperform the three
smaller data models. However, the overall trend is not monotonic (let alone log-linear). Notably, the
full 7.4M frame model performs the best only for the in-distribution HCP state decoding benchmark.
The 3.2M frame model performs better for the two OOD benchmarks. This reinforces the possibility
that increasing data scale without increasing diversity does not lead to better representations.

Effect of model size. Surprisingly, we find that relatively small models are sufficient to learn
performant representations (Figure 4, middle column). We pretrain fm-MAE ViTs of increasing size
on the full HCP training dataset. We find that the 12.4M parameter model performs about as well as
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the 88.6M (ViT-B) model, despite 7 x fewer parameters. The largest model (ViT-L) performs notably
worse. At the other extreme, we do see a drop for the very small 2.2M parameter model.

Effect of temporal patch size. In all previous experiments, the temporal patch size p; was fixed to 16
frames (the full temporal depth). In Figure 4 (right column) we examine the performance of smaller
temporal patch size. Reducing temporal patch size increases the granularity of the model, resulting
in more tokens per input. We find that this improves performance across all three benchmarks,
suggesting that as with standard ViTs, there is a speed/accuracy tradeoff for smaller patches [56].

HCP state decoding. Due to variation in dataset splits and evaluation protocol, it is difficult to
determine a definitive state of the art for this task. To our knowledge, the best reported performance
using our same 21-state prediction setup is 93.4% accuracy [43]. NeuroSTORM reports 92.6%
accuracy for 23-state prediction [20], while Thomas et al. [13] report 94.8% accuracy on 20-state
prediction. We match the performance of these prior methods with just our patch embedding baseline
(94.1%), while our best fm-MAE performs notably better, approaching ceiling with 98.8%.

UKBB sex classification. As with HCP state decoding, it is not straightforward to compare UKBB
sex classification performance across prior works. Arguably, the current state of the art is Brain-JEPA
(88.6%) followed by BrainLM (86.5%) [18]. Our best current model (84.6%) is approaching this
performance, while outperforming the model trained from scratch in Dong et al. [18] (82.6%). Im-
portantly, these prior works pretrain on UKBB and fine-tune specifically for UKBB sex classification.
By contrast, we pretrain on HCP and use only a small subset of UKBB (60K samples, 1.6K subjects)
for training the shallow attentive probe (while the main encoder is kept frozen). Furthermore, prior
works use long input sequences (>320s), whereas we use short 16s clips.

NSD CLIP classification. This is a challenging new decoding benchmark without direct comparison,
but the current results are nonetheless promising. NSD uses complex natural scene images capturing
multiple objects, animals, and people. Predicting a single global label such as “photo of dog” is
therefore an ambiguous, ill-posed task. Yet our model performs >8x better than chance and >2x
better than our baselines (which themselves are competitive on the other two tasks). Most importantly,
this performance is for zero-shot visual decoding on an unseen subject (subject 4), taken from an
out-of-distribution dataset not used for model pretraining. Remarkably, the gap relative to held out
data for the training subjects (subjects 1-3, 5-8) is only 4%. This result represents another step toward
the long-standing goal of general-purpose cross-subject visual decoding [57-59].

4 Conclusion

In this work, we propose flat maps as a high fidelity yet structured representation for training fMRI
foundation models. We train masked autoencoder vision transformers on 2.3K hours of flat-mapped
fMRI data from HCP. We observe robust power law scaling with dataset size, and promising early
results in downstream decoding evaluations. The current work is a work in progress. Active research
directions include incorporating more diverse pretraining data, evaluating the robustness of our
initial scaling result, implementing direct comparisons to alternative parcellation and volume based
modeling approaches, experimenting with alternative SSL objectives, interrogating the models’
learned representations, and expanding the set of downstream evaluation benchmarks. We invite open
feedback and collaboration: https://discord.gg/tVRATWnRMO.
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B Additional methods

B.1 Flat map construction

We use the precomputed fsaverage flat map distributed with pycortex [30], which we resample onto
the 32k_fs_LR template mesh using the connectome workbench [60, 36]. We exclude vertices with a
non-zero z component in flat map coordinates, and intersect with the Schaefer-1000 parcellation mask
[22] to yield a valid flat map mask of containing 58212 vertices across both cortical hemispheres.
We fit a regular grid of size height x width = 224 x 560 to the array of (z,y) points contained in
the mask. The grid has a pixel resolution of 1.2mm in flat map coordinates, which equals the mean
nearest neighbor distance. To project surface-mapped fMRI data onto the flat map grid, we extract the
array of values corresponding to our flat map vertex mask and then resample using linear interpolation
(scipy.interpolate.LinearNDInterpolator) [61]. After resampling, there are 77763 pixels
contained in the flat map mask. The correspondence between surface and flat map space is illustrated
in Figure 6 using the Yeo resting-state networks overlaid on the Schaefer 400 parcellation [26, 22].

Raw volume fMRI Surface reconstruction and registration Surface-mapped fMRI

Moving Fixed

Figure 5: 4D fMRI time series are first preprocessed using standard methods [62]. The cortical
surface mesh is reconstructed using structural MRI and aligned to a standard surface template [34, 35].
The fMRI data are then extracted for the cortical ribbon and resampled to the standard surface [36].
This processing was performed by the dataset providers [33, 39, 38]. Middle figure adapted from
Gopinath et al. [63].

el

N Visual Il Dorsal attention [ Limbic B Default
[ Somatomotor EEE Ventral attention [ Frontoparietal

Figure 6: Schaefer 400 parcellation [22] with Yeo resting-state networks [26] on the cortical surface
and flat map. Relaxation cuts required for flat map transformation [30] are marked in white.

B.2 Pretraining implementation details

We pretrain for 625K steps using AdamW (57 = 0.9, 52 = 0.95) [64] with a batch size of 32,
learning rate of 1.25e-4 (base learning rate le-3 scaled by batch_size / 256), and weight decay
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0.05. We apply learning rate warmup for 31K steps followed by cosine decay [65]. In total, the model
sees 320M fMRI frames during pretraining, which is ~43 effective epochs over our HCP training set.
We use repeated sampling [32, 66] to improve data loading throughput. Each time an fMRI run is
loaded from disk, we extract 4 - N;/16 random clips, where IV, is the length of the run. The clips are
then appended to an in-memory shuffle buffer, which we sample from to construct training batches.
One pretraining run (ViT-B, p, = 2, 88.6M encoder params, 99.2M total) takes ~27 hours using 1
NVIDIA H100 GPU (16GB memory usage, 130ms/step).

B.3 Probe evaluation implementation details

We use the same protocol to train both the attentive probe for our fm-MAE as well as the connectome
and patch embedding baseline models. The protocol is adapted from Darcet et al. [48]. We train for
20 epochs using AdamW (51 = 0.9, 52 = 0.95) with a batch size of 128 and base learning rate Se-4.
We apply learning rate warmup for 2 epochs followed by cosine decay [65]. We train a sweep of
models over a grid of learning rate scale = [0.1, 0.3, 1.0, 3.0, 10.0, 30.0, 100.0] and weight decay
[3e-4,0.001, 0.01, 0.03, 0.1, 0.3, 1.0], and choose the best hyperparameter setting based on validation
accuracy. The effective learning rate is set to be the learning rate scale x 5e-4.

B.4 NSD CLIP classifcation benchmark

To construct the NSD CLIP classification benchmark, we assign each seen NSD stimulus image a
global label by CLIP (ViT-L/14) [46] nearest neighbor assignment over a set of 41 short captions
(Table 1). The task is then to predict the assigned label from the fMRI activity. We constructed the
list of target captions by clustering the CLIP embeddings for all NSD images and manual inspecting
the UMAP projection [67], following Shirakawa et al. [68].

photo of zebra photo of bear photo of dog photo of computer
photo of giraffe photo of bike photo of sweets photo of umbrella
photo of horse photo of toy photo of sports photo of baseball
photo of bedroom photo of cow photo of group of people photo of pizza

photo of sky photo of elephant  photo of fruits photo of living room
photo of vehicle photo of surfer photo of hydrant photo of stop sign
photo of train photo of tennis photo of cat photo of bus

photo of bathroom  photo of soccer photo of boat photo of person eating
photo of food photo of airplane  photo of skate photo of sheep

photo of clocktower photo of flower photo of ski photo of bird

photo of a person
Table 1: List of 41 label categories for NSD CLIP classification.

Figure 7: Example NSD images with CLIP assigned labels.
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C Additional results

Figure 8 shows additional MAE masked reconstructions for randomly sampled data from HCP, NSD,
and UKBB.

(c) UKBB validation set (out-of-distribution)

Figure 8: Additional MAE predictions for randomly sampled data.
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