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Abstract

We introduce a single–backbone foundation model for brain
MRI that supports dynamic modality integration: it operates
with arbitrary, possibly unseen, combinations of MRI se-
quences at pretrain and transfer. The encoder is conditioned
by text derived modality embeddings via conditional layer
normalization, while a variance–covariance penalty discour-
ages feature collapse. Unlike expert-based designs that grow
with each new sequence, our approach scales without adding
modality-specific branches. Pretrained self-supervised on
∼60,000 heterogeneous MRIs, the model learns modality-
aware yet modality-agnostic features. We outline evalua-
tion on segmentation and classification under missing/unseen
modalities and cross-center shifts, and present early feasibil-
ity on multiple sclerosis lesion segmentation under limited
data. This work moves toward robust, protocol-agnostic MRI
foundation models suited to real clinical variability.

Code — https://github.com/BrainFM/brainfm
Extended version —

https://doi.org/10.48550/arXiv.2511.03014

Introduction
Foundation models have transformed NLP, computer vi-
sion, and multimodal learning, yet their extension to medi-
cal imaging remains nontrivial. Brain MRI depends on mul-
tiple complementary sequences (e.g., T1, T2, FLAIR), but
acquisition protocols vary widely across scanners and cen-
ters. This variability causes inconsistent modality availabil-
ity and limits the generalization of architectures trained on
fixed modality sets (Zhang et al. 2022). Quantitative anal-
yses of public brain MRI datasets further reveal large dif-
ferences in modality composition, underscoring the need for
models that can flexibly adapt to heterogeneous and incom-
plete MRI inputs (Luu et al. 2025).

Several recent efforts have explored this direction.
AMAES (Munk et al. 2024) pretrains 3D backbones via
masked reconstruction on ∼45k brain MRIs in single-
modality settings. M4oE (Jiang and Shen 2024) and
MoME (Zhang et al. 2024) use modality-specific experts
with gating for fusion; new MRI sequences require adding
an expert and fine-tuning. mmFormer (Zhang et al. 2022)
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handles missing modalities in brain tumor segmentation via
modality-specific and cross-modal Transformers with aux-
iliary regularization. These approaches either assume fixed
modality sets or expand architectural complexity as modali-
ties increase, limiting their scalability and practicality.

We present BrainFM-MRI, a modality-conditioned
masked autoencoder for large-scale 3D brain MRI pre-
training. The model integrates three key components: (1)
Modality-Conditioned Patch Encoding, which combines
text-derived modality embeddings with conditional layer
normalization for modality-aware feature adaptation; (2)
Padding-Aware Masking, ensuring stable reconstruction un-
der missing or irregular modality inputs; and (3) Variance–
Covariance Regularization, promoting representation diver-
sity and preventing feature collapse. BrainFM-MRI aims
to provide a single, flexible backbone that remains sta-
ble across different MRI protocols, taking a step toward
modality-agnostic foundation models.

Methodology
Modality-Conditioned Patch Encoding Each MRI vol-
ume is divided into non-overlapping 3D patches, which are
flattened and linearly projected into token embeddings. Each
token is augmented with (i) a text-derived modality embed-
ding from the frozen BioBERT encoder (Lee et al. 2020),
projected to the token dimension, and (ii) a learnable 3D po-
sitional embedding.

To inject modality context throughout the network, we
replace LayerNorm with Conditional Layer Normalization
(CLN) (Chen et al. 2021). Given token features hs,i and a
modality embedding em, CLN applies modality-dependent
scaling and shifting:

CLN(hs,i | em) = γ(em) · hs,i − µ

σ
+ β(em). (1)

Because patch and modality embeddings share the same
token space, and CLN modulates features without altering
the architecture, the encoder learns representations that re-
main stable across different and even unseen modality com-
binations. A high-level schematic is shown in Figure 1.

Padding-Aware Masking Different inputs may contain
different numbers of MRI sequences. After patchifying each
modality and concatenating all tokens, sessions with fewer
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Figure 1: Overview of the proposed modality-conditioned
masked autoencoder for 3D brain MRI. Visible (unmasked)
patches are encoded, and masked patches are reconstructed
in the decoder. The workflow includes patch extraction,
modality conditioning, masking, and reconstruction.

modalities are padded to match the batch sequence length.
These padded positions are ignored by the encoder, decoder,
and loss. Masking is sampled only from valid (non-padded)
positions, preventing missing modalities from being selected
and keeping a stable number of visible tokens. This en-
sures the encoder always processes clean anatomical tokens
and supports representation learning that is consistent across
varying modality sets. A lightweight Transformer decoder,
following the standard MAE design (He et al. 2021), takes
the visible encoder tokens and modality-conditioned mask
tokens as input, and reconstructs the masked patches back to
their original spatial locations.

Variance–Covariance Regularization To reduce feature
collapse, we apply a VICReg-inspired penalty (Bardes,
Ponce, and LeCun 2021). Encoder features z ∈ RN×D with
N = B × Lkeep (total retained tokens across the batch) are

constrained by two auxiliary losses: (i) a variance term en-
couraging per-dimension standard deviation ≥ 1, and (ii) a
covariance term penalizing redundant cross-dimension cor-
relations:

Lvar =
1

D

∑
j

ReLU

(
1−

√
Var(z·j) + ϵ

)
, (2)

Lcov =
1

D

∑
i̸=j

Cov(z·i, z·j)
2. (3)

Pretraining Objective The final objective combines
masked reconstruction and representation regularization:

Ltotal = LMAE + λvarLvar + λcovLcov, (4)

with λvar = 0.1 and λcov = 0.003 linearly warmed up over
the first five epochs. Reconstruction is computed using MSE
over masked, valid voxel elements only.

Experimental Plan
Benchmark We compare BrainFM-MRI against
AMAES, MoME, M4oE, and mmFormer, using iden-
tical preprocessing, augmentations, and compute budgets
for fairness. For the preliminary stage, we only test feasi-
bility against nnU-Net (Isensee et al. 2021) to verify the
framework under limited data.

Evaluation Tasks Segmentation: lesion and tumor seg-
mentation with robustness to missing or unseen modalities
and cross-domain variation. Classification: subject-level or
scan-level prediction tasks using (i) frozen-encoder linear
probes, (ii) shallow head fine-tuning, and (iii) full-model
fine-tuning where applicable. Metrics include Dice, HD95,
sensitivity, and specificity.

Data We use the FOMO25 dataset (Munk et al. 2025) for
pretraining. It includes 11,187 subjects, 13,900 sessions, and
60,529 MRI scans in total. Each subject may undergo one
or more imaging sessions, and each session contains several
MRIs saved in the NIfTI format. We treat an input at the
session level.

Preliminary Results
To verify the feasibility of our framework, we conducted a
small-scale experiment on 10 subjects from the MSLesSeg
dataset (Guarnera et al. 2025). Training was limited to two
epochs using only T1 and FLAIR modalities. Table 1 re-
ports early Dice scores and Hausdorff distances, comparing
BrainFM-MRI with nnU-Net. Even under this short train-
ing regime, our model shows consistent improvements when
modalities are missing.

Model Dice ↑ HD95 ↓
nnU-Net (T1+FLAIR) 0.39 12.8
BrainFM-MRI (ours) 0.45 11.2

Table 1: Preliminary results on 10 MSLesSeg cases. Full-
scale experiments are ongoing.
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