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Abstract. Current fMRI foundation models primarily rely on a limited
range of brain states and mismatched pretraining tasks, restricting their
ability to learn generalized representations across diverse brain states.
We present Brain-DiT, a universal multi-state fMRI foundation model
pretrained on 349,898 sessions from 24 datasets spanning resting, task,
naturalistic, disease, and sleep states. Unlike prior fMRI foundation mod-
els that rely on masked reconstruction in the raw-signal space or a la-
tent space, Brain-DiT adopts metadata-conditioned diffusion pretraining
with a Diffusion Transformer (DiT), enabling the model to learn multi-
scale representations that capture both fine-grained functional structure
and global semantics. Across extensive evaluations and ablations on 7
downstream tasks, we find consistent evidence that diffusion-based gen-
erative pretraining is a stronger proxy than reconstruction or alignment,
with metadata-conditioned pretraining further improving downstream
performance by disentangling intrinsic neural dynamics from population-
level variability. We also observe that downstream tasks exhibit distinct
preferences for representational scale: ADNI classification benefits more
from global semantic representations, whereas age/sex prediction com-
paratively relies more on fine-grained local structure. Code and param-
eters are available at https://github.com/REDMAQO4869,/Brain-DiT)|

Keywords: fMRI - Foundation Models - Diffusion Transformer - Generative
Modeling

1 Introduction

The human brain is a dynamical system that continuously transits between
states to flexibly support adaptive behaviors. Capturing universal representa-
tions across this state spectrum is essential for decoding brain function, yet tra-
ditional approaches often fail to generalize across different brain states. Inspired
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Fig. 1. Brain-DiT framework: pretraining and downstream adaptation. (a)
Pretraining. An ROI time-series window is noised at a random timestep ¢t and
denoised by a conditional/unconditional DiT using v-prediction. (b) Downstream
adaptation. Multiple noisy views at selected timesteps are processed by the shared
pretrained DiT. Token features from selected layers are aggregated to form a represen-
tation for downstream classification or regression.

by the transformative impact of self-supervised learning in computer vision and
natural language processing, neuroimaging (such as fMRI, EEG and MEG data)
is undergoing a paradigm shift: moving from task-specific models to large-scale
foundation models pretrained on massive unlabeled datasets.

Recent efforts on fMRI foundation models have explored diverse proxy tasks,
including masked autoencoding (MAE) [2TI20127], joint-embedding predictive
architectures (JEPA) [4], contrastive learning [30], and diffusion-based generative
modeling of fMRI dynamics [29]. However, existing fMRI foundation models
exhibit limited robustness across diverse brain states, primarily due to three
fundamental limitations. First, the pretraining distribution is restricted: most
models are trained exclusively on resting-state data, limiting their exposure to
the full spectrum of brain dynamics [20J30/4126].

Second, the proxy tasks employed are often mismatched to learn univer-
sal representations: raw reconstruction may overfit to noise in low-SNR fMRI
data [20J21], while latent-space reconstruction requires careful architectural de-
sign to avoid representational collapse [26]4]. Consequently, substantial post-
training adaptation is often required to achieve acceptable downstream perfor-
mance. A third, largely unexplored limitation is the underutilization of clinical
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Fig. 2. Metadata-conditioned generation of Brain-DiT. (a) Original vs. gen-
erated fMRI signals. Generated fMRI signals exhibit similar spatiotemporal patterns
to the original fMRI. (b) Group-level FC comparison. Empirical and synthetic
group-level FC matrices for 200 metadata-conditioned virtual ASD subjects exhibit
similar large-scale connectivity organization. (c) FC error metrics. MAE and RMSE
(lower is better) across three settings: random signal, unconditional generation, and
metadata-conditioned generation. All results are computed on the ABIDE dataset.

and demographic metadata during pretraining, which hinders the disentangle-
ment of intrinsic neural dynamics from population-level variability.

Diffusion models, which learn to reverse a gradual noising process, offer a
promising solution to these challenges. First, by modeling the full data distribu-
tion rather than optimizing discriminative objectives, diffusion models charac-
terize the complete probability manifold of neural signals, enabling the learning
of richer, more generalizable features [16]. Second, the iterative denoising process
provides a natural hierarchy of representations, with early timesteps capturing
fine-grained local structure and later timesteps encoding abstract global seman-
tics. Most importantly, diffusion models natively support conditional generation,
allowing seamless integration of biological and clinical metadata as conditioning
signals—thereby reducing the “contextual blindness” of prior paradigms.

Here, we present Brain-DiT, a universal multi-state foundation model that
leverages these advantages through a metadata-conditioned Diffusion Trans-
former. Our main contributions are:

— Multi-state generative pretraining paradigm. We introduce the first
fMRI foundation model trained jointly on multiple brain states, unifying
349,898 sessions from 24 datasets spanning resting, task, naturalistic, disease,
and sleep conditions under a single generative objective.

— Metadata-conditioned pretraining. We are the first to integrate demo-
graphic and clinical metadata as explicit conditioning signals during pre-
training, enabling the model to disentangle intrinsic neural dynamics from
population variability.

— Multi-scale feature aggregation. We treat the denoising trajectory as a
hierarchical feature extractor and aggregate representations across timesteps
and layers, yielding embeddings that capture both fine-grained functional
structure and abstract semantic information.
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Table 1. Downstream performance on in-distribution (ID) and out-of-
distribution (OOD) tasks. Top: ID; bottom: OOD. Brain-DiTaar424 and Brain-
DiTuncona are ablations. Best and runner-up results are highlighted by gray shading and
by underlining, respectively. * indicates p < 0.05 vs. the best baseline (BrainLM /Brain-

JEPA /BrainMass); no tests are performed among our variants.

Dataset HCP ABIDE-AGE SALD
Model
ACC%+ MSE] Rt MSE| Rt

BrainLM 62.71 +4.43 0.91+0.01 0.24+0.02 0.68+0.06 0.62=+0.06
Brain-JEPA 69.97 +2.73 0.98+0.07 0.17+0.02 1.1340.11 0.30 + 0.06
BrainMass 67.65+1.02 0.70 +0.04 0.50 +0.04 0.70 4+ 0.08 0.63+0.06
Brain-DiTaarsze 8171+ 0.77 0.80+0.02 0.59+0.01 0.53+0.02 0.65 + 0.01
Brain-DiTuncond  80.98 4 1.22 0.77 +0.02 0.60 + 0.02 0.39 + 0.02 0.75 + 0.01

Brain-DiT 82.71 & 0.797 0.75 + 0.010.61 + 0.017 0.33 & 0.01" 0.79 & 0.01"
Dataset PPMI ADHD NKI-EDU NKI-AGE
Model
ACC%1 ACC%1 ACC%1 MSE/ Rt

BrainLM 54.86 +1.20 58.374+1.04 60.464+0.73 0.50 +0.02 0.68 +0.01
Brain-JEPA 4791 +£3.61 54.890+£4.98 49.21 +2.15 1.03+£0.08 0.33 £ 0.03
BrainMass 58.68 £4.21 57.21+3.45 62.364+1.24 0.60+0.06 0.62+ 0.04
Brain-DiTaar424 58.99 + 1.46 62.38 4+ 0.67 60.18 =1.81 0.44-+0.04 0.77 & 0.02
Brain-DiTuncond 60.99 4+ 2.14 62.06 & 0.36 69.78 = 3.29 0.40 4 0.02 0.80 & 0.01

Brain-DiT 61.15 & 1.84" 62.53 & 1.56" 69.92 & 0.02" 0.38 + 0.01" 0.81 + 0.01"

2 Methods

2.1 Problem Formulation and Overview

An fMRI sample is denoted by x € RT*YN_ where T is the number of time
points and N is the number of ROIs. For patch-based Transformer modeling,
we reshape x into an ROIxtime tensor xg € RM>N*T (channel x ROI x time).
Our pretraining objective is to learn a diffusion-based generative model for p(x)
by training a DiT denoiser, optionally conditioned on subject-level metadata.

2.2 Generative Diffusion Pretraining

Diffusion and Training Process As shown in Fig.[I](a), we adopt a DDPM
forward process with a cosine noise schedule over S diffusion steps (S=1000).
For timestep t € {1,...,S}, we sample Gaussian noise € ~ N(0,I) and obtain:

(1)

Xy = Xo + O1€E,
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where oy = /&; and oy = /1 — &, are precomputed schedule coefficients.

Given the noised input x; € R"*VXT and timestep ¢, we learn a DiT directly
in raw signal space. DiT first patchifies x; using a 2D convolution with patch
size p and stride p, producing a token sequence of length

L = (N/p)-(T/p), (2)

with embedding dimension D. Tokens are processed by K DiT blocks, and a
linear head followed by an invertible unpatchify operation maps tokens back to
a dense prediction in R'*N>*T We then train the model with v-prediction, where

V = € — 0:Xp. (3)

The DiT is trained to predict vg(x¢,t, ¢) by minimizing:

Law = Bxge [[900x0,t,¢) = vIE] ()

Metadata-Conditioned Pretraining Brain-DiT uses optional explicit meta-
data conditioning during pretraining. Given subject metadata c (e.g., age, sex,
diagnosis), we form a tabular vector with continuous values plus observation
masks and one-hot diagnosis indicators, then map it to

Ye = fd)(c) € R%. (5)
With timestep embedding y; € R, the condition is
Y =Yt +Ye, (6)

which is injected into every DiT block via AdaLLN-Zero to condition the denoising
process. During training, CFG-style regularization replaces y. with an uncon-
ditional embedding with probability pqrop; samples with missing metadata are
either dropped or treated as unconditional according to the missing-label policy.

2.3 Multi-scale Feature Aggregation

Feature Extraction Given a window x, we construct xg € R~ *T and choose
a timestep list T = {t1,...,tnm} (e.g., {0,50,100,150}) and a set of captured
Transformer blocks £ (e.g., the last few blocks). For each t € T, we generate x;
using the same forward process:

X = X + Ot€. (7)

In Fig. (b), we pass X; through the pretrained DiT and extract features from
selected blocks ¢ € L. For each (¢, ), we mean-pool ng) € RBXLXD 4 obtain

e; ¢ = MeanPool (H§£)> c RBxD. ®

We then concatenate features across timesteps and layers:

E= ConcatteT,gegeM € RBXQXD, Q= |T||£| (9)
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Table 2. Downstream performance with a frozen backbone. Best results are
shown by gray shading; underlined values denote the runner-up. * indicates p < 0.05
vs. the best baseline.

Dataset ADHD SALD NKI-EDU NKI-AGE
Model

ACC%?T MSE] ACC%? MSE]

BrainLM 53.57£2.77 0.80£0.01 47.95+1.12 0.76 +£0.02
Brain-JEPA 5224 £2.66 0.76 £0.01 38.69+0.23 0.95=+0.02
BrainMass 54.89 £3.38 0.78 £0.03 54.89+3.38 0.72+£0.01
SlimBrainjepa 55.74 £6.51 0.72+0.01 53.83+6.62 0.89 +0.02
SlimBrainma.e 55.72+£1.01 0.714+0.07 60.59 +2.77 0.68 £ 0.01

Brain-DiT 62.04 + 1.22" 0.67 & 0.01" 62.80 & 0.63" 0.58 + 0.03"

Aggregation Given E € REXQXD with Q = |T||£|, we fuse multi-timestep,
multi-layer features using a query-based aggregator module. A learnable query
q € R™1*P ig broadcast across the batch and used for cross-attention:

z, w = Attn(q, E,E), z € REXP w e REXC, (10)

The fused representation z is fed to the downstream prediction head, while w
provides the relative importance of each (t,¢) pair.

3 Experiments and Results

3.1 Experimental Setup

Datasets and Preprocessing. We utilize 24 multi-state datasets covering rest-
ing, task, disease, naturalistic, and sleep states, partitioned into ID and OOD
sets. The ID pretraining corpus comprises 21 datasets: 9 resting-state (HCP [25],
CHCP [7], ABCD [2], PIOP1 [23], PIOP2 [23], ISYB [6], BHRC [19], SALD [2§],
SLIM [12]), 2 disease (ABIDE [3], ADNI [11]), and 10 specialized states including
task-based (HCP Task [25], CHCP Task [7], N&N [I7]), naturalistic (StudyFor-
rest [9], Emo Film [I5], NSD [I], Things [I0], CineBrain [5], HCP Movie [25]),
and sleep fMRI [§]. To validate generalization, the NKI [24], ADHD-200 [14], and
PPMI [13] datasets are strictly reserved for OOD evaluation. All fMRI volumes
were resampled to 2 mm isotropic resolution and cropped/padded to 96 x 96 x 96,
with time series interpolated to a uniform TR of 0.72s (cubic B-spline). After
global z-score normalization, voxel signals were parcellated into ROI time series
using the Schaefer-1000 [22] and AAL424 atlases [I8]|, with the resulting ROI
time series further segmented into fixed-length 40-frame temporal windows.
Baselines and Evaluation. We compare Brain-DiT with ROI and voxel
baselines (BrainLM, Brain-JEPA, BrainMass, SlimBrainae, SlimBrainjepa ), cov-
ering MAE, JEPA, and contrastive learning. Evaluation metrics include Accu-
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Fig. 3. State diversity ablation and contribution analysis. (a) State diversity
ablation. Mixtures of multi-state fMRI data are used during pretraining with a fixed
pretraining budget (~30k sessions): R (resting), +D (disease), +T (task), +N (natural-
istic), and ALL (the full multi-state corpus). (b) Contribution analysis. Aggregator
weights show contributions across timesteps (left) and network depth (right), reflecting
global (later /noisier) vs. local (earlier/cleaner) features.

racy for classification, and Mean Squared Error (MSE) and Pearson’s r for re-
gression. Generative fidelity is quantified by comparing synthesized and empirical
functional connectivity (FC) patterns via MSE and RMSE.

Implementation Details. Brain-DiT uses a DiT backbone (dmode1=1024,
16 layers, 8 heads, patch size 4) and is trained on Schaefer-1000 ROI windows
(T'=40) with a cosine DDPM schedule (1,000 steps) and a v-prediction objective.
We train for 150 epochs on 6 NVIDIA A800 (80GB) GPUs with AdamW (LR
le—4, WD le—4; batch size 36 /GPU, mixed precision) and inject age/sex/disease
via AdaLN (d¢ong=256) with optional 10% condition dropout.

3.2 Generative Fidelity

Before evaluating downstream tasks, we first verify that Brain-DiT learns mean-
ingful representations through generative experiments. As shown in Fig. (a),
we generated fMRI signals conditioned on specific subject metadata from the
ABIDE dataset. The generated BOLD responses exhibit a high temporal corre-
lation with the empirical ground truth, indicating that the model successfully
generates individual-level neural dynamics guided by metadata. To further assess
population-level fidelity, we generated fMRI signals for 200 virtual ASD subjects
and computed group-level FC. The synthetic FC topography closely matches
the empirical FC of the real cohort, and quantitative metrics (MSE/RMSE)
show that conditional generation outperforms both unconditional and random-
conditioning baselines. These results suggest that Brain-DiT learns subject-
generalizable representations and supports controllable conditional generation.

3.3 Downstream Task Performance

As shown in Table |1} Brain-DiT achieves the best or competitive performance
across ID and OOD benchmarks, with improvements that are significant against



8 J. Xia et al.

the best baseline. For fair comparison, we report two variants: Brain-DiT s a1,424,
aligned with the AAL424 atlas used by BrainLLM, and Brain-DiTy,conq, an un-
conditional ablation.

Even the ablated variants remain strong. For example, Brain-DiTaar424
achieves 81.71% accuracy on HCP, outperforming the best baseline (Brain-JEPA,
69.97%). Moreover, the full model outperforms Brain-DiTpcond across bench-
marks, highlighting the benefit of metadata conditioning for generalization.

3.4 Representation Quality

We assess representation quality by freezing the pretrained backbone and train-
ing a lightweight linear head as shown in Table [2] Despite using ROI-level in-
puts, Brain-DiT surpasses voxel-level MAE/JEPA baselines significantly; for
instance, it achieves 62.80% on NKI-EDU versus 60.59% for SlimBrain,,,.. This
advantage persists under distribution shift, with Brain-DiT reaching 62.04% ac-
curacy on ADHD-200 and 0.67 MSE on SALD.

3.5 Interpretability Analysis

State diversity drives downstream gains. To isolate the effect of state di-
versity, we fix the pretraining set size at 30k sessions and vary only the state
mixture. As shown in Fig. (a), downstream performance improves consistently
as state coverage increases, suggesting that the gains mainly come from broader
brain-state coverage rather than a larger sample size.

Global-local contributions across timesteps and depth.

We analyze step- and depth-wise contributions using normalized aggregator
weights w, ¢, where larger ¢ indicates higher noise. Later timesteps emphasize
coarse, network-level structure, whereas earlier steps preserve finer-grained vari-
ations. As shown in Fig. (b), ADNI shows the strongest preference for later
timesteps, consistent with system-level network disruptions in Alzheimer’s dis-
ease; age prediction is more evenly distributed, consistent with age effects span-
ning both global and local connectivity, with gender in between. Across depth,
contributions concentrate in earlier-to-intermediate layers and decay in deeper
blocks, with a sharper drop for disease classification, consistent with prior ob-
servations.

4 Conclusion

We present Brain-DiT, a universal multi-state fMRI foundation model with
metadata-conditioned pretraining to capture complex brain dynamics and multi-
scale aggregation to improve downstream generalization. Brain-DiT outperforms
representative baselines on ID and OOD benchmarks and remains strong under
frozen-backbone transfer. Conditional generation reproduces realistic subject-
level fMRI dynamics and preserves cohort-level FC patterns under metadata
conditioning. Contribution analysis suggests that multi-state pretraining yields
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multi-scale representations, with diffusion timesteps and layers providing com-
plementary signals for downstream tasks. Future work will extend Brain-DiT
with richer metadata and broader state coverage, while improving scaling effi-
ciency for longer sequences and higher-resolution inputs.
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