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Why compositional generalisation for MLIPs? Performance of all models Failure analysis
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Take-home

» Seeing every fragment in training is not enough: models generalise to longer chains, but on the other four tasks OOD force errors are often an order of
magnitude above ID, and fine-tuned foundation models do not close the gap.

» ID accuracy is a poor guide to OOD accuracy. Test your model on GMD: the dataset, code and fine-tuned weights are all open.
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