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Why compositional generalisation for MLIPs?

Machine-learned interatomic potentials (MLIPs) promise near-quantum accuracy at
a fraction of the cost, and are now widely used to simulate molecules.

∞
But chemical space is combinatorially infinite: no training set can cover it, so a model
cannot simply memorise the potential energy surface. It must generalise to molecules it
has never seen.

?
The challenge: If a model has learned every fragment of a molecule, can it predict the
molecule itself?

The GMD benchmark
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Task Training set OOD test set

Chain Extension C2–C6 alkanes C7–C13 alkanes

Fusion C4–C10 alcohols and aldehydes; complex polyols
and polycarbonyls

C4–C10 carboxylic acids

Duplication C5–C10 carboxylic acids C5–C10 dicarboxylic acids

Combination C2–C9 diamines; C2–C9 dicarboxylic acids C2–C9 amino acids

Fission C5–C10 carboxylic acids C5–C10 alcohols and aldehydes

Performance of all models
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Each bar runs from a model’s ID error to its OOD error: longer

bars mean a larger generalisation gap. Fine-tuned foundation models

(top group) do not close it.

Failure analysis
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Hexanoic acid: per-atom force error

▶ Per-atom force error on hexanoic acid, an OOD molecule of the Fragment Fusion task,
for six models chosen as representatives of their architecture families.

▶ Inner disc: error in force magnitude; outer ring: error in force direction.
▶ The error appears on the carboxyl group, where the two fragments are fused, while the

carbon backbone is almost error-free: the models struggle to generalise to the new
fragment.

Errors over time
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(a) ID: 1-Decanol: 
Energy Residual
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(b) OOD: Decanoic Acid: 
Energy Residual

0 25 50 75 100 125 150 175 200
MD Timestep (×16 fs)

0.000

0.025

0.050

0.075

0.100

0.125

0.150

0.175

Fo
rc

es
 M

AE
 (e

V/
Å)

(c) Forces MAE
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(d) Forces MAE

MACE Base MACE-MP-0 Medium (2000) MACE-MP-0 Medium Zero-shot

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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