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Motivation

d Brain activity varies across states and individuals.
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Brain activity differs across states and individuals. This diversity motivates a shared model that
captures common patterns while accounting for individual characteristics.

Framework

d Meta-data Pretraining
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b Different noise levels may encourage complementary features
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The apple illustrates how noise level can change the recovery task, from overall
shape to fine detail. We hypothesize that varying the noise level during fMRI
denoising may encourage complementary features for downstream prediction.

Downstream

Brain-DiT learns transferable representations
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across noise levels and network layers. A learnable aggregator combines these features for
downstream classification and regression.

Generation

Subject metadata guides generation toward cohort-specific brain connectivity.
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Metadata-conditioned generation achieves higher mean group-level FC structure similarity than
unconditional generation across the seven datasets shown.

Bold red: best in each column; underlined: runner-up. AAL424 and uncond are Brain-DiT ablations.
*p < 0.05 versus the best baseline. For ID/OOD, baselines are BrainLM, Brain-JEPA and BrainMass; no tests among Brain-DiT variants. For
frozen-backbone results, all five baselines are considered.

Ablations

Brain-DiT learns to combine information differently for different tasks
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