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Fig. 4. Comparison of the deflections of experiments and simulations.
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Fig. 5. Forward neural network structure,
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Fig. 6. Accuracy curves during train processing: (a) SME loss of train-dataset and verify-dataset; (b) * score of the neural network of each output.

slowed down the fitting speed. In the flat phase, the verify loss is more
stable than train loss. This is due to the optimizer was adjusting the
parameters of the neural network and causing fluctuation. Curves in
Fig. 6(b) show the change of r* during training process. The r* values
of d.d;.d; have a good beginning and then quickly converge into

nearly one. The * of d, has a high initials too and also convergence
soon, but the convergence value is not so high. > of ds has a 0.65
as initial value and converged to 0.90, which is the biggest increase
among these r* values. In summary, both loss curves and r* curves have
dramatic changes at the first 1000 steps and then become gentle. The
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Fig. 13. MSE loss of inverse neural network: (a) illustrates the results for r|, (b) for 1, (c] for r; and (d) for r..
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Fig. 14. # score of the train dataset of inverse neural network.

essentially unchanged. Both r, and ¢, curves show a high degree
of coincidence, with values exceeding 0.999. The 15 curve converges
around 0.95, while the r; curve undergoes significant changes—f{rom
approximately 0.5 to around 0.9. Due to the early stop strategy, the rg
and 15 values at 40k steps, which do not differ significantly from those
at the 120k steps.

Loading the test dataset, evaluating the neural network, the r* and
MSE loss of the model on the test set are shown in the Table 7:

Similar to the results from the validation dataset, both ¢, and r,
exhibit the best performance, achieving an r* value exceeding 0.99 and
a loss within 0.0001. The accuracy of i5 ranks second, also reaching an
r* of 0.99 with a loss of 0.01. However, the accuracy of rs is the lowest
among the four neural networks, with an + of 0.9758 and an MSE loss
of 0.025. These findings align with the results of the previous sensitivity
analysis, where honeycomb deformation showed a strong correlation
with the rs variable.
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