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Fig. 1. Average runtime for a combined forward and backwards pass using
autodifferentiation (red) and n-TangentProp (blue). The top and bottom frames
show the same data, however the bottom frame is plotted with a logarithmic y-
axis. Each model is run 100 times and the average for each trial is plotted. The
network has 3 hidden layers of 24 neurons each, a common PINN architecture.
The batch size is 28 = 256 samples. The forward and backwards pass times
are shown separately in Figures |2/ and |3|respectively.
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Fig. 2. Forward pass times for the model shown in Figure m The top and
bottom frames show the same data, however the bottom frame is plotted with a
logarithmic y-axis. Each model is run 100 times and the average for each trial
is plotted. The network has 3 hidden layers of 24 neurons each, a common
PINN architecture. The batch size is 28 = 256 samples.
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