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ABSTRACT
Physics-informed neural networks (PINNs) are often benchmarked from a single training run or from a small number of random seeds, although the 
resulting test error can vary substantially across training runs. We examine the statistical reliability of such nite-run benchmarks empirically. For 
three representative PDE congurations with distinct spectral and operator characteristics, we train 250 runs for each of two collocation 
congurations, together with a crossed design separating weight-initialisation and collocation-sampling variability. The resulting 250-run 
empirical populations are used as nite reference distributions to evaluate seven mean-interval procedures at n=3 to 50 seeds, together with a 
percentile interval for the median. Errors under an unchanged conguration span more than two orders of magnitude. On the mild Poisson problem, 
the Student-t interval for the mean raw error covers the empirical reference mean only 80.9–86.9 % of the time, whereas the corresponding interval 
on log-errors shows near-nominal coverage for n ≥ 5 across the three congurations studied. We further examine benchmark comparison under 
both independent and matched-seed sampling. Matched-seed comparisons exploit correlations between paired runs and substantially improve the 
precision of log-scale comparisons; the paired design reduces the observed log-contrast variance by 52–96% across the three congurations, with 
near-nominal empirical coverage across the tested seed counts. Selective reporting of the best of k seeds can also produce substantial optimism, 
while pilot-based calculations indicate that 85–136 runs correspond to a 25% upper multiplicative precision target under the observed log-scale 
variability. These results motivate a reporting protocol based on explicit randomisation, pilot-based run budgets, log-scale inference, common 
seeds for comparisons, and complete reporting of the resulting runs. All code and data are released.
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