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Abstract. The success of large-scale deep learning models in neuro-
science is fundamentally constrained by severe data heterogeneity. Native
fMRI data aggregated from diverse sources exhibit substantial variation
in both spatial and temporal resolutions. Consequently, most existing
frameworks rely on lengthy, rigid preprocessing pipelines that enforce
uniformity across datasets. This practice introduces two critical limita-
tions: (1) potential degradation of subject-specific anatomical informa-
tion; (2) significant computational overhead, often requiring hours of pro-
cessing per subject. Here, we propose FlexiBrain, a resolution-agnostic
voxel-level encoding framework for native fMRI based on Mamba-JEPA.
FlexiBrain defines patch sizes in real-world physical units and employs a
dynamic patch resizing, thereby bypassing destructive spatial standard-
ization while enabling direct ingestion of data in native space. We instan-
tiate the framework using an efficient Mamba-JEPA backbone to model
high-dimensional 4D fMRI signals. Across five diverse downstream neuro-
science tasks, FlexiBrain consistently outperforms recent state-of-the-art
methods, achieving gains of up to 12 percentage points without exter-
nal data augmentation. Importantly, FlexiBrain functions as a seamless
plug-in module, substantially reducing preprocessing costs and accelerat-
ing the development of robust voxel-level fMRI foundation models. Code
is available at https://github.com/OneMorel/FlexiBrain,
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level model

1 Introduction

Functional Magnetic Resonance Imaging (fMRI) is an indispensable tool in mod-
ern neuroscience, providing crucial, non-invasive insights into human brain ac-
tivity. By providing voxel-level images of brain activity, it has fundamentally
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Fig.1: fMRI preprocessing. Native fMRI is rapid and retains subject-specific
anatomical information. However, it presents a challenge for deep learning due to its
highly diverse resolution and non-aligned spatial coordinates. Template fMRI re-
quires resource-intensive registration to align the image to a standard template brain,
often consuming hours per subject. This eliminates individual differences, resulting in a
unified and standardized resolution. ROI-based fMRI is derived from the registered
Template fMRI using brain parcellation. It is reduced to a 2D representation (channels
X time), summarizing activity across defined regions of interest.

advanced our understanding of cognitive processes and has been instrumental in
diagnosing and tracking numerous neurological disorders since its inception in
the 1990s . Although early scanning protocols were often constrained by low
spatial and temporal resolutions, recent technological advancements have yielded
data with vastly higher resolution and developed a multitude of advanced ac-
quisition sequences, providing researchers with more resolution options. This
progress, while beneficial, has consequently introduced a critical challenge for
deep learning methods: data aggregated from various sources are now character-
ized by substantial variability in spatiotemporal resolution. Although all fMRI
data is inherently 4D (3D spatial information across a time dimension), this res-
olution heterogeneity is pronounced. Mainstream public datasets, for instance,
exhibit spatial resolutions varying significantly from 2mm to 4mm, with tempo-
ral sampling rates ranging drastically from 720ms to over 3000ms ||§|7
Moreover, anatomical differences between subjects mean the explicit 4D data
shape (i.e., voxel count) varies across individuals, further compounding this per-
sonalized variability.

To achieve the unified input required by deep learning models, the cur-
rent mainstream fMRI pipeline typically addresses inherent data heterogeneity
through comprehensive preprocessing. Despite the development of numerous dis-
tinct libraries, the core preprocessing methodology remains fundamentally sim-
ilar . As shown in Fig. [1} the multi-stage preprocessing pipeline first
converts the Raw fMRI series into Native fMRI through rapid operations such
as slice-timing correction and head-motion correction, which are performed in
each subject’s original scanner space and typically require only a few minutes per
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subject. Second, much more computationally demanding stage, the pipeline in-
corporates the subject’s structural MRI (sMRI) to handle inter-subject anatom-
ical variability: the sMRI undergoes intensive anatomical processing and the
functional data are then non-linearly registered to a common standard template
(e.g., the MNTI152 template), a procedure that often takes hours. This yields
the Template fMRI, in which all subjects’ 4D fMRI volumes are warped into
the same template-defined coordinate system and thus share an identical spatial
structure, i.e., the same voxel grid, spatial layout, and standardized resolution as
the template brain. Deep learning models are subsequently trained either directly
on these normalized 4D volumes [15(16,[19}25,29,30,/33] or on dimensionality-
reduced ROI-based fMRI representations derived using brain parcellation atlases
in template space [595/10}32}34].

While full preprocessing pipelines make deep learning on fMRI technically
feasible, they introduce several structural limitations. First, model outputs are
highly sensitive to preprocessing software and parameter choices, and different
pipelines can yield systematically different representations. Second, mapping all
subjects into a predefined template space inevitably suppresses subject-specific
anatomical variability and introduces interpolation and partial-volume artifacts.
Third, such pipelines are computationally intensive and difficult to scale. In
the era of large foundation models trained on thousands or tens of thousands
of subjects, repeated normalization and resampling become both economically
and scientifically inefficient [5/10,[34]. A natural alternative is to operate di-
rectly on native-space fMRI. However, existing approaches typically rely on
subject-specific projection networks to map native voxels into a shared latent
space [23}/24]. While effective at small scale, this strategy prevents parameter
sharing across heterogeneous datasets and becomes impractical for large-cohort
foundation modeling.

In this paper, we introduce FlexiBrain, a resolution-adaptive voxel-level
encoding framework for native fMRI. Instead of defining patches by fixed voxel
counts, FlexiBrain parameterizes patch sizes in real-world physical units (mil-
limeters and seconds). This design ensures that each token corresponds to a com-
parable anatomical and temporal receptive field across datasets with different
spatial resolutions and fields of view. To enable parameter sharing without de-
structive resampling, we develop a resolution-aware dynamic patch resizing that
continuously resizes embedding kernels according to the input voxel spacing. As
a result, resolution heterogeneity no longer requires dataset-specific adapters or
retraining, allowing scalable native-space foundation modeling. To further reduce
the computational burden of voxel-level modeling, we instantiate FlexiBrain with
a purpose-designed Mamba-JEPA backbone. The Mamba architecture replaces
quadratic self-attention with linear-complexity state-space modeling, enabling
scalable processing of high-resolution 4D fMRI volumes. Meanwhile, the JEPA
formulation shifts the objective from full signal reconstruction to latent predic-
tive learning. By masking large background regions and avoiding heterogeneous
voxel-wise reconstruction losses, this design improves computational efficiency
while focusing representation learning on informative spatiotemporal dynamics.
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Across five diverse downstream neuroscience tasks, FlexiBrain consistently out-
performs recent state-of-the-art methods, achieving performance gains of up to
12 percentage points, while operating directly in native space without template
normalization.

Our main contributions are summarized as follows:

— We identify resolution heterogeneity as a fundamental scalability bottle-
neck for voxel-level fMRI foundation models, and propose a native-space
framework that enables parameter sharing without template normalization
or subject-specific adapters.

— We introduce FlexiBrain, a resolution-adaptive tokenization scheme that de-
fines patches in physical units and dynamically resizes embedding kernels,
allowing consistent receptive fields across heterogeneous spatial resolutions.

— Extensive experiments on five downstream diagnosis tasks demonstrate that
FlexiBrain outperforms template-based methods while operating directly on
native 4D fMRI data.

2 Related work

fMRI Preprocessing Recent pipelines for fMRI preprocessing follow a two-track
routine [11]: anatomical processing (bias-field correction, skull stripping, tissue
segmentation, surface reconstruction) and functional BOLD processing (refer-
ence volume creation, motion/susceptibility correction, slice-timing correction,
coregistration to anatomy, and resampling). A practical design choice is the
output space. Processing in each subject’s mative space is faster (fewer and
cheaper resampling/warps) and preserves individual geometry and idiosyncratic
anatomy, which benefits subject-specific modeling. In contrast, transforming to
a standard template space (e.g., MNI) is slower due to non-linear normaliza-
tion but unifies data into a common coordinate frame, simplifying batching,
voxel correspondence, and cross-subject aggregation. Recent voxel-level mod-
els adopt the standard space for ease of model design (fixed shapes, consistent
spatial priors) and benchmarking [151/16,/28|. Yet forcing all subjects into a com-
mon template via non-linear warps inevitably introduces interpolation error and
partial-volume artifacts, and can suppress subject-specific spatial variation (e.g.,
regional size/shape), potentially biasing downstream analyses. Beyond voxel-
level methods, ROI-based fMRI represents the most widely adopted format in
contemporary deep learning for neuroscience [5})9./101/34L35]. This format reduces
the fMRI volume to a 2D representation (channels x time), where each channel
contains the average signal within a specific Region-of-Interest (ROI) defined by
a brain parcellation atlas. Since these atlases are typically designed and validated
in the standard template space (e.g., MNI), ROI-based fMRI must inherently
be derived from Template fMRI. Consequently, this highly popular data format
inherits all the aforementioned disadvantages associated with non-linear normal-
ization and damages fine-grained spatial information.
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Deep Learning in Native fMRI While Native fMRI analysis is favored in tra-
ditional neuroscience for its ability to minimize information loss and preserve
subject-specific anatomy, its usage in large-scale deep learning remains chal-
lenging due to significant cross-site and inter-subject heterogeneity. Data ex-
hibit stark differences in acquisition protocols, such as the spatial/temporal
resolution gap between ABIDE (= 3mm,2000ms) [8] and UK Biobank (=~
2.4mm, 735ms) [4]. Furthermore, hardware evolution promises an influx of in-
creasingly finer-grained spatiotemporal data, exacerbating this resolution diver-
sity. This heterogeneity has traditionally prevented the application of a single,
unified deep learning model, forcing most works into the restrictive standard
template space. Research directly leveraging Native fMRI is scarce and largely
confined to specialized tasks or small-sample cohorts. For example, recent {MRI-
to-image reconstruction models include MindEye2 [23}24], which focuses on
subject-specific mapping.

These methods select crucial voxels based on individual response features and
train a dedicated mapping from the subject’s native voxels to a shared latent
space (e.g., CLIP embeddings) for each participant. While effective for individual
decoding, this approach does not scale to variable resolution 4D fMRI from large,
diverse cohorts.

3 Method

Fig. 2] illustrates the overall framework of FlexiBrain. Heterogeneous fMRI data
with varying spatial and temporal resolutions are tokenized using a dynamic
patch resizing defined in physical units. This mechanism ensures that patch to-
kens correspond to consistent, physical receptive fields across heterogeneous fMRI
acquisitions, enabling resolution-agnostic parameter sharing and stable represen-
tation learning directly in native space. By resizing existing filters to the target
physical scale rather than relearning resolution-specific ones, the tokenizer can
be seamlessly transferred across datasets without reconfiguration. The resulting
fine-grained fMRI tokens are processed by a Mamba backbone, which enables
efficient long-range modeling while significantly reducing computational cost.
Training is guided by a JEPA-based proxy loss, which avoids heavy voxel-level
reconstruction and mitigates loss imbalance arising from heterogeneous resolu-
tions.

3.1 Dynamic Patch Resizing

Motivation. Voxel-level fMRI data exhibit substantial heterogeneity in spatial
resolution and temporal sampling, making resolution-specific tokenizers brittle
and difficult to transfer across datasets. To address the heterogeneity in 4D
fMRI data across varying spatial resolutions and temporal resolution (TR), we
introduce a Dynamic Patch Resizing (Fig. [2[ a). Rather than relearning or dis-
cretely redefining filters for each resolution, we continuously resize a shared set
of base kernels to the target physical scale, ensuring smooth parameter sharing
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Fig. 2: FlexiBrain Pipeline. (a) FlexiBrain accepts Native fMRI with heterogeneous
resolution from diverse datasets. To achieve resolution-agnosticism, the foundational
spatial patch size (millimeters) and temporal patch size (seconds) are defined in real-
world physical units. FlexiBrain uses a dynamic patch resizing to accommodate the
variable number of voxels (due to differing resolutions) within a fixed physical patch
size. (b) The physical patches with position embeddings in real-world coordinate sys-
tem are sampled to create target and context patches for a self-supervised approach.
The framework employs a novel Mamba-JEPA that is specifically designed to avoid
background input and utilizes the Mixture-of-Experts module to mitigate representa-
tion collapse.

across heterogeneous inputs. This continuous adaptation preserves the functional
semantics of the tokenizer across resolutions, enabling direct transfer without re-
configuration or retraining.

Dynamic Patch Size Determination. Given a target physical temporal duration
7 (e.g., 6.0 seconds) and target spatial resolution p = (pz, py, p-) (€.g., 12 mm),
the subject-specific patch sizes k; and ky as the discrete temporal and spatial
patch dimensions are dynamically calculated based on the input’s time resolution
(tr) and voxel sizes (vg, vy, v;),|| indicates nearest integer rounding:

7]

Continuous Kernel Resizing. Instead of randomly initializing distinct weights

kg = Lm for d € {z,y, 2} (1)

for every possible resolution, we maintain learnable base kernels Wt(base) for the

temporal dimension and WSF,?““) for the spatial dimensions. To adapt these base

kernels to the dynamically computed sizes k; and (kg, ky, k), we utilize RT, a
geometric operator that optimally projects the weights via the Moore-Penrose
pseudo-inverse of the forward interpolation matrix to preserve their functional
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mapping [3]:
Wi = Rip (W = k) 2)
Wap = Rifpy (W™ (ko by k) (3)

Time-to-Space Forward Tokenization. First, a 1D temporal convolution with
weight W; and stride k; aggregates short-range temporal dynamics within each
physical window, transforming the input X € RP*HXWXT into an intermediate
feature map X; € RDXHXWXD"LXT,, where T’ = T/k; and D,, denotes the
intermediate channel dimension.

To enable efficient spatial tokenization, we fold the reduced temporal dimen-
sion T” into the channel dimension,

Xt = Reshape(X;) € R(Dm'T/)XDXHxW’

such that temporal information is encoded as channel-wise features. Correspond-
ingly, the spatial kernel Wy, is repeated T” times along its input channel dimen-
sion to match X, reflecting the assumption that spatial structure is invariant
to temporal indexing. A 3D convolution with stride (k,, ky, k) is then applied
to project the spatial grid into a D,,:-dimensional latent space, yielding the fi-
nal joint spatiotemporal patch embeddings. Finally, purely background patches
are discarded using a subject-specific foreground mask, and the remaining valid
tokens are flattened into a 1D sequence.

Continuous Physical 3D Positional Encoding. Discarding background patches
disrupts the regular 3D grid, rendering standard discrete grid-based positional
encodings ineffective, especially across subjects with varying spatial resolutions.
To preserve precise anatomical awareness, we introduce a continuous physical 3D
positional encoding. First, we determine the exact physical center of each valid
patch in the anatomical world space. Let p; € R? denote the discrete voxel-space
center index of the i-th patch. Using the subject-specific affine transformation
matrix A € R3*3 and translation vector t € R3 extracted from the NIfTI headers,
the continuous physical coordinate ¢; € R? is computed as:

G =pA +t

To map these continuous physical coordinates into a high-dimensional repre-
sentation, we apply a spatial scaling factor to mitigate unit variance and gener-
ate sinusoidal embeddings using logarithmically spaced frequency bands for each
spatial axis. The concatenated features from all three axes are finally mapped to
the target token dimension D,,; via a learnable linear projection. Finally, these
positional embeddings are added to the flattened 1D spatial token sequence.

3.2 Model Architecture: Mamba-JEPA

Motivation. Our architectural design is motivated by the need to efficiently
model ultra-long, fine-grained token sequences while learning robust semantic
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representations from noisy 4D fMRI data. Native-space voxel-level tokeniza-
tion yields thousands of tokens per subject, rendering standard self-attention
prohibitively expensive. Moreover, voxel-level reconstruction objectives are ill-
suited for fMRI, as they emphasize high-frequency noise rather than meaningful
functional structure. To address these challenges, we combine a linear-time state-
space backbone (Mamba) with a latent predictive learning objective (JEPA), fur-
ther augmented by structural asymmetry via a lightweight Mixture-of-Experts
(MoE) to prevent representation collapse (Fig. [2|b).

Mamba for Ultra-Long Sequences. Let X € RP*HXWXT denote the input 4D
fMRI signal. A dynamic patch resizing first tokenizes X into a sequence Z with
real-world physical positional embeddings.

Even after aggressively discarding approximately 80% of the purely back-
ground patches, the resulting token sequence Z still contains around 4,000 to-
kens per subject. Processing sequences of this magnitude with standard self-
attention incurs an intractable O(N?) computational overhead. To accelerate
training while preserving the ability to model complex spatial-temporal depen-
dencies, we replace the standard self-attention mechanism with the Selective
State Space Model (Mamba), which operates in linear time O(N).

During pre-training, a random masking strategy partitions the token se-
quence into a visible set V and a masked set M. The context encoder fy, built
upon stacked Mamba blocks, processes only the visible tokens Zy,.

Latent Predictive Objective. For the self-supervised proxy task, Masked Autoen-
coders (MAE) attempt to reconstruct masked tokens in the raw voxel space.
However, fMRI data is notoriously noisy; forcing the network to reconstruct
high-frequency voxel-level noise wastes computational capacity and degrades se-
mantic representation quality. This issue is amplified in native-space, resolution-
heterogeneous fMRI, where a reconstruction decoder would need to balance
losses across different voxel grids and acquisition protocols. Meanwhile, given the
variable resolution of fMRI inputs, fine-grained data would disproportionately
dominate the MAE loss without appropriate weighting. Therefore, we adopt
JEPA, which shifts the predictive reconstruction strictly into the semantic la-
tent space.

The target encoder f (sharing the same structural design as fy) processes
the ground-truth masked tokens Z 1 to generate latent targets H . To stabilize
learning, the target encoder’s parameters ¢ are updated via an exponential mov-
ing average (EMA) of the context encoder’s parameters 6 and p is the weight:

< p&+ (1 —p)o

Asymmetric Encoding via MoFE to Prevent Collapse. A fundamental vulnerabil-
ity of JEPA is representation collapse, where the encoder trivializes the objec-
tive by mapping all inputs to a constant vector. To explicitly combat this, we
introduce structural asymmetry between the encoding pathways by appending a
lightweight MoE module h,, to the tail of the context encoder. The MoE is not
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intended to replace JEPA’s standard asymmetric context—target pathways or
the EMA target encoder; rather, it complements them by adding token-adaptive
transformations on the context side. This architectural asymmetry prevents triv-
ial solutions by ensuring that the predictive pathway cannot collapse to a con-
stant mapping shared by both encoders. Instead of relying on complex routing
equations, the MoE module simply employs a token-level router to adaptively
compute soft mixture weights, routing each visible token to a subset of MLP-
based expert networks. This yields enriched, token-adaptive context representa-
tions HV = hw(fg(Zv))

State-Space Prediction and Loss. To perform the predictive task, we construct
a full sequence by scattering the MoE-processed visible tokens Hy, back to their
original sequence positions and inserting a learned mask token m at the masked
locations M. A shallow, Mamba-based predictor g, then diffuses information
over this sequence to yield latent predictions H M at the masked locations.

We train the model by minimizing the ¢2 distance between the normalized
predictions and the EMA-generated targets:

IMI 2.

ieM

2
H;

H

H;
1L 2

Downstream Adaptation. For downstream inference, the pre-trained Mamba
backbone extracts feature representations from the input tokens. A learnable
class token is prepended to this sequence, and the concatenated representation
is processed by a lightweight transformer classifier head. Finally, the feature cor-
responding to the class token is normalized and passed through an MLP to yield
the final prediction logits.

4 Experiments

4.1 Data Preprocessing

We leveraged self-supervised training on three public neuroimaging datasets: the
Autism Brain Imaging Data Exchange (ABIDE) [8]; the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) [13]; the ADHD-200 Sample (ADHD) [6] and
used the Parkinson progression marker initiative (PPMI) [18] as an external
dataset to assess the model’s generalization performance. These are all multi-
site datasets comprising images collected across diverse centers and protocols;
consequently, the temporal and spatial resolutions vary significantly across the
cohorts. Details of datasets (e.g., voxel spacing and TR distribution) and task can
be found in Appendix C. This exclusion was applied solely to match the subject
set used by baselines that require structural scans, ensuring a fair comparison.
For FlexiBrain,

all images retain their temporal and spatial resolution. We further verified
that neither temporal resolution nor spatial resolution was associated with the
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Table 1: Mean accuracy and standard deviations of predictions on disorder diagnosis
over three random seeds. The best results are highlighted in bold, and second-best
results are underlined. MCI: Mild cognitive impairment; AD: Alzheimer’s disease. *
denotes a large effect size with Cohen’s d > 0.8.

ADHD-200 ABIDE ADNI (MCI) ADNI (AD) PPMI
Model

ACC% F1% ACC% F1% ACC% F1% ACC% F1% ACC% F1%

BrainNecCNN 54.4642.47 53.071380 57.9013.25 57.841321 59.744450 56.4816.04 T74.01i3.01 66.474a1s 64.243241 58154144

BrainGNN 55871388 54934446 54.67is72 53454328 63.20173s 583611250 78534250 72.031s538  55.56+a81 5l.3ling
BrainMass 60.7840.49  60.0540.70 63.3311.18 65.351000 62.391060 61.3510.60 73.4513.01 62.101070 58.68+421 51.9540.03
Brain-JEPA 59.744023  55.2046.40 59.74x264 54.9411108 64.531060 55.17+0.66 80.231080 79.66+£1.03 47.911361 48.60+2.42
BrainHarmonix-F 59.7441.43 58.76+152 54.03+055 43.041712 60.611075 51.86+580 76.84109s 71174155 65.631361 55.1942.42
SwiFT 62.5041.50 59.99+471 61.02402s 61364305 65381120 72.5410.16 74.90118s 80.7610.33 61.554252 58.2314.20
NeuroSTORM 59.5141.01  59.0541.01 54.524240 53.044070 66.6741.06 62.171s.035 84.2640.50 83.91% 4075 68.251115  65.1811.10
FlexiBrain 69.76% 1175 69.85% 1169 65.45% £0.69 64.824052 79.16% 1145 78.82% 1151 82341039 79414442 T4.31% 4177 70.54% 4119

class labels, indicating that resolution heterogeneity does not induce shortcut
learning or spurious label-resolution confounds. All images for baselines were
preprocessed following the specific requirements in the corresponding paper.

4.2 Disease Diagnosis

To validate the robustness of our model to heterogeneous data resolutions, we
curated a mixed-resolution dataset for self-supervised pre-training by combin-
ing three public fMRI sources: ABIDE, ADHD-200, and ADNI. For downstream
evaluation, the pretrained model was fine-tuned and benchmarked against mul-
tiple baselines on four tasks, using accuracy (ACC) and F1l-score as evaluation
metrics. Specifically, ABIDE and ADHD-200 were formulated as binary classifi-
cation tasks, while ADNI was evaluated using two clinically meaningful binary
settings: (i) mild cognitive impairment (MCI) vs. cognitively normal (CN), and
(i) Alzheimer’s disease (AD) vs. CN. To explicitly assess out-of-distribution gen-
eralization, we further evaluated the pretrained model on the external, unseen
PPMI dataset, where a three-class classification task was performed. Even com-
pared to large-scale pretraining baselines @, our model consistently
achieved strong performance as reported in Table [I] Detailed hyperparameter
settings, and implementation details for both our model and the baselines are
provided in Appendices A and B. We further audited this result under acquisi-
tion heterogeneity. PPMI is treated as a leave-one-dataset-out evaluation because
it is not used during pretraining; when stratified by voxel spacing, FlexiBrain
obtains 74.40% weighted F1 on the dominant higher-resolution bin and 66.96%
weighted F1 on the lower-resolution bin (Supplementary Table 2). A controlled
PPMI downsampling study shows that performance declines under spatial and
temporal degradation, especially when both are degraded, indicating that the
physical-unit tokenizer shares parameters across resolutions without collapsing
all resolutions into an equivalent representation (Supplementary Table 3). We
also include gender prediction on the heterogeneous ABIDE and ADHD-200 co-
horts as an additional downstream check (Supplementary Table 4). A stricter
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ABIDE leave-one-scanner-center-out analysis degrades when the held-out scan-
ner center is unseen during both pretraining and downstream training; thus,
FlexiBrain addresses resolution heterogeneity, but scanner-center domain shift
remains an open challenge.

4.3 Choice of Preprocessing

The effect of the transformation on the predictions. Here we used different pre-
processing states of {MRI to compare their performance by training the models
from scratch. (i) Native fMRI / minimal (ours): brain extraction only; head-
motion parameters and slice-timing information are estimated, and the series
remains in native space. (ii) Tlw (weighted) fMRI: the native fMRI is first
affinely registered to each subject’s Tlw anatomical scan, and not nonlinearly
warped into a population template. (iii) Template fMRI (standard space): a non-
linear warp maps the data to a standard template, which is the most common
preprocessing choice to align subjects into a standard space under heterogeneous
resolutions. As shown in Fig. [3] Left, the native-space approach achieves the best
performance while dramatically reducing preprocessing time from around 5 hours
to 3 minutes. We hypothesize that the inferior performance of template fMRI is
because spatial normalization reduces inter-subject variability and information
entropy, while the requisite interpolation introduces noise artifacts.

Ablation of Patch Size. We systematically ablate the temporal duration 7 and
the spatial resolution p (Fig.[3|Right). We evaluated performance with ADHD by
training it from scratch and find the best settings with 7 = 6 seconds and p = 12
millimeters. Increasing 7 beyond 6 seconds and p beyond 12 millimeters leads to
coarser patches that blur details, while very small 7 or voxel spacings cause dis-
cretization, reducing sensitivity to subtle differences and harming generalization
across protocols.

4.4 Choice of Architecture

Effectiveness of Mamba over ViT. To validate our backbone choice, we compare
the Mamba backbone against a standard attention-based ViT under a compa-
rable parameter budget (~50M). Profiling results reveal that the ViT backbone
incurs substantial computational and memory overheads (28.24 GFLOPs, 8.29
GB memory). In contrast, Mamba significantly reduces the resource footprint
to just 18.59 GFLOPs and 1.97 GB memory. Beyond these critical efficiency
gains, we further evaluated both pre-trained architectures on downstream tasks.
As shown in Table [2| the Mamba backbone achieves superior downstream per-
formance. We attribute this empirical advantage to Mamba’s inherent capacity
for modeling ultra-long, irregular voxel sequences (nearly 4,000 tokens), effec-
tively bypassing the quadratic context bottleneck that degrades representation
learning in standard self-attention mechanisms.
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Fig. 3: Left: Ablation of preprocessing steps on ADNI dataset. Comparison of
classification accuracy and preprocessing time between three fMRI states ( Native
fMRI, T1lw fMRI, Template fMRI), with models trained from scratch. Right: Abla-
tion study on patch size. The figure shows the accuracy of classification on ADHD
dataset under different temporal duration and spatial resolution. Our settings with 6
s and 12 mm show best performance. AD: Alzheimer’s disease; MCI: Mild cognitive
impairment; CN: Cognitively normal.

Table 2: Ablation study on architecture. We compared four downstream tasks under
different settings. The best results are highlighted in bold. MCI: Mild cognitive impair-
ment; AD: Alzheimer’s disease.

ABIDE ADHD-200 ADNI (MCI) ADNI (AD)
ACC% F1% ACC% F1% ACC% F1% ACC% F1%

Backbone Pre-training MoE

Mamba 4 X 5255 52.32 61.86 58.76 71.88 71.63 71.43 70.40
Mamba X v/ 59.85 59.66 65.98 61.37 68.75 68.25 80.95 80.59

ViT 4 v/ 6131 60.41 63.92 59.03 66.66 66.60 76.85 72.92
Mamba 4 v/ 65.45 64.82 69.76 69.85 79.16 78.82 82.34 79.41

MoE and Pre-training. We com-

S . -
pared the performance of our model -4 = wl
with and without the MoE and pre- 3 weus | “ 1
training. As shown in Table 2] there ¢ wes T I
is a noticeable decline in model per- & W o=,
formance when the MoE module or %5;. B I

the pre-training stage is removed. Pre- 1396 ey 1396 0 : ok index. "ls0s
training on diverse data allows the ) _

model to learn a robust and generaliz- Mesn=0.208", St3=0.2748 Mean0.6542, S130.5148

able feature representation. This rep-
resentation serves as an initial distri-
bution for fine-tuning, which in turn
significantly boosts performance and
data efficiency on downstream tasks.
MokE effectively prevents model collapse. We visualized the tokens output by
the target encoder (ordered by the position of tokens in the flattened 1D se-

Fig.4: Target embedding similarity
matrix exhibits strong vertical /horizontal
streaks, indicating low-rank, directional
convergence to a few dominant directions.
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quence of valid patch tokens) in cosine-similarity map (Fig. [}, which reveals a
marked difference in representational geometry. With MoE, the mean similar-
ity drops substantially and the pattern becomes fine-grained and predominantly
near-diagonal, indicating content-dependent structure rather than convergence
to a few dominant directions. Additional experiments are provided in Appendix
B.

4.5 Interpretability

Transfer learning improves perfor-
mance on a target task by leverag-
ing knowledge acquired from a re-
lated source task. In general, stronger
transfer gains indicate a closer rela-
tionship between the source and tar-
get tasks, thereby revealing their un- 1

ad

0.30 0.20 0.52 0.61

0.07 0.10 0.25 0.52 0.71

Native fMRI
mci

. . o 5 001 0.14 0.34 0.51 0.69
derlying structural and semantic con- ¢
nections . Following this & g. . o B U
principle, we employ a taskonomy- 1
based analysis to investigate whether o oo [ 061

Template fMRI
mci

native-space fMRI data capture richer
individual-specific and structural infor- s e ¢ 000
mation than template-space data, lead-
ing to improved transferability.

ad mci cn ad mci cn
Native fMRI Template fMRI

. . . T t
Specifically, we train six source arge

models using ADNI data across two
spatial domains—Native space (FSL)
and Template space (MNI)—and three
diagnostic groups (AD, MCI, CN). This

Fig. 5: Transfer task illustrates the nor-
malized domain relations and disease-
dependent transferability. Warm color de-
notes higher transferability, while cool

results in 30 directed source-to-target colors indicate weaker transfer.
transfer experiments. All models share
the same architecture and training objective as used during pretraining. For each
ordered task pair (s,t), we freeze the encoder pretrained on the source task and
fine-tune a lightweight decoder on a small subset of the target task for 30 epochs,
yielding a transfer loss Ls_,;, where lower values indicate stronger transferability.
For visualization, we apply global min—-max normalization to map transfer scores
to [—1,1] and render the resulting taskonomy matrix as a heatmap (Fig. [3).
The taskonomy reveals clear relationships between spatial domain choice and
diagnostic transferability. Cross-domain transfers from Native-space fMRI (FSL)
to Template-space fMRI (MNI) outperform the reverse direction, suggesting that
native-space representations preserve richer individual-specific and structural in-
formation, whereas template normalization improves spatial alignment at the
cost of smoothing subject-specific signals. Within-domain transfers, both in Na-
tive and Template spaces, exhibit consistently lower transfer losses, indicating
strong internal consistency under a shared spatial processing framework.
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Across both within- and cross-domain transfers, AD demonstrates the strongest
transferability, likely due to its pronounced and diverse pathological patterns.
MCI shows intermediate transfer performance, consistent with its transitional
clinical nature, while CN exhibits weaker cross-diagnostic transferability, reflect-
ing more stable brain activity and reduced signal variability. Together, these
results indicate that native-space representations contain richer transferable in-
formation and that disease-related heterogeneity plays a key role in determining
transferability across diagnostic tasks.

5 Discussion

The transition from ROI-based analysis to fine-grained voxel-level modeling
represents a natural evolution in fMRI research, analogous to the shift from
static images to video modeling in computer vision. However, current voxel-level
pipelines remain tightly coupled to heavy preprocessing, particularly spatial nor-
malization to a common template. While such alignment enables cross-subject
comparison, it also introduces structural and scalability constraints.

First, template normalization inevitably alters subject-specific anatomical
variability through interpolation and smoothing, potentially degrading analyses
that depend on fine-grained structural fidelity. Second, the computational cost
and diversity of preprocessing standards limit reproducibility and scalability.
These issues become critical in the era of foundation models, where training on
tens of thousands of subjects makes repeated large-scale normalization econom-
ically and practically prohibitive. As open neuroimaging datasets continue to
grow, this scalability bottleneck becomes increasingly prominent.

In this work, we propose FlexiBrain, a native-space voxel-level architecture
that shifts the burden of alignment from data preprocessing to model design. The
central challenge of native fMRI lies in resolution heterogeneity across datasets.
While temporal inconsistencies have been partially addressed in prior work [9],
voxel-level spatial heterogeneity has remained largely unexplored.

FlexiBrain addresses this challenge at the tokenization level. By defining
patches in physical units (millimeters and seconds) and dynamically resizing
embedding kernels, the model preserves consistent anatomical and temporal re-
ceptive fields across heterogeneous resolutions. Real-world coordinate positional
encoding further enforces semantic consistency in native space, enabling param-
eter sharing without destructive resampling.

To make voxel-level modeling computationally feasible, we instantiate Flex-
iBrain with a Mamba-JEPA backbone. Linear-complexity state-space modeling
replaces quadratic self-attention, enabling scalable processing of high-resolution
4D volumes. Meanwhile, the JEPA formulation shifts learning from voxel-wise
reconstruction toward latent predictive objectives, avoiding heavy decoders and
focusing representation learning on informative spatiotemporal dynamics. Across
five downstream neuroscience tasks, FlexiBrain consistently outperforms recent
state-of-the-art methods while operating directly in native space.
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Limitations and Future Work. Although FlexiBrain demonstrates the feasibility
of template-free native-space modeling, several limitations remain. First, we op-
erate on minimally preprocessed native fMRI (e.g., motion-corrected) to ensure
temporal consistency within sessions. Extending the framework to raw acquisi-
tion data would move closer to a fully end-to-end learning paradigm, potentially
reducing reliance on traditional preprocessing pipelines and enabling the utiliza-
tion of data currently excluded during quality control. Second, while FlexiBrain
enables parameter sharing across resolutions, acquisition-specific artifacts and
scanner variability remain open challenges for native-space modeling. Our leave-
one-scanner-center-out analysis indicates that resolution-adaptive tokenization
alone does not eliminate domain shift when a scanner center is absent from both
pretraining and downstream training. Addressing these factors may further en-
hance robustness and cross-dataset generalization. Future work should combine
physical-unit tokenization with explicit site harmonization, nuisance auditing, or
domain-adaptive pretraining for deployment across unseen acquisition centers.

6 Conclusion

We present FlexiBrain, a resolution-adaptive voxel-level framework for native
fMRI modeling. By redefining tokenization in physical units and introducing
dynamic patch resizing, FlexiBrain removes resolution heterogeneity as a barrier
to parameter sharing across datasets. Combined with an efficient Mamba-JEPA
backbone, the framework enables scalable representation learning directly in
native space without template normalization.

Our results demonstrate that native-space modeling can achieve superior
performance while reducing computational overhead, suggesting a promising di-
rection for future fMRI foundation models. We hope this work encourages a
shift from data-centric alignment toward model-centric adaptation in large-scale
neuroimaging research.
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