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Physics foundation models learn to compress Compare emulation performance across Pretraining reduces VRMSE, but gains depend
high-resolution data while modeling dynamics. three training settings: strongly on domain alignment:

Unlike vision, tokenisers in physics are typically | .
trained end-to-end rather than pretrained. In-domain: 64% lower error
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Ox x(f) Tokeniser pretraining improves early downstream learning, especially when pretraining data
match the target system. Out-of-domain pretraining is only partially transferable.
For in-domain pretraining, freezing the tokeniser acts as a regulariser, reducing VRMSE on
longer rollout horizons. This comes with a 98% reduction in trainable parameters (5M — 85Kk).
e Data Understanding how pretraining data composition affects transfer will be key to building
generalisable tokenisers for physics foundation models.
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