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Machine learning potentials such as Gaussian Approximation Potentials (GAP; Bartók et al., 

2010) approach quantum-mechanical accuracy at a cost orders of magnitude lower, but they shift their 

limitation from the functional form to the data, whose iterative curation demands time and expertise. 

We examine what accuracy is obtained without any curation, and what limits it. Training sets of 50 to 

2,000 structures were drawn by stratified random sampling from the same database of 17,525 carbon 

configurations from which the published GAP-20 potential was curated (Rowe et al., 2020). We trained 

1,040 potentials with the SOAP descriptor (Bartók et al., 2013), in eight model settings with ten 

repetitions per size, and evaluated them on a common set of 203 structures. 

The energy error falls by 43% up to about 700 structures and then rises by 6.6% up to 2,000, not 

through overfitting but because of rare repulsive structures with extreme forces, which enter larger sets 

more often and degrade the fit. A tenfold increase in capacity (from 300 to 3,000 representative points) 

lowers the error by 40.5% but not the failure rate on the repulsive structures, where GAP-20, too, has 

an error 33 times larger than on the rest. On the 116 evaluation structures that neither model had seen, 

the best potential reaches 0.0093 eV/atom versus 0.0103 for GAP-20, using 1,000 random structures 

instead of 6,088 curated ones (Figure 1); it is better on ordered structures and worse on disordered ones. 

 
Figure 1. (a) Median |ΔE| on the 116 structures that no model had seen (shading: ±1 standard deviation 

across repeats). (b) Error ratio P1f/GAP-20 per structural family, at 1,000 structures. 

The binding constraint on accuracy therefore lies in the data, not in the model; curation is not a 

prerequisite but one of the available levers. 
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