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Classical “Variational layer 1 Variational layer 2 * Losses Phy5|qs loss: 10,000 collocation points. |
. BC/IC loss: 50 points for initial data, 25 each at boundaries.
hidden layers
- Training Adam optimizer, 2000 epochs.
- Compare Hybrid QPINN [1] v. QSpline activated QPINN.
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