Evaluating the physical realism of neural
networks with object-based Explainable Al

Application to the prediction of heavy rainfall in Western Norway
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This highlights that the NN focuses
on the correct geographical region

The assessment is largely qualitative.

We can say that the neural
network focuses on:

The right region

The right physical
processes
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We train a neural network (NN) to predict heavy rainfall events

The NN predicts very high
probability of heavy rainfall

Cyclone-associated processes are the main drivers of
heavy rainfall in Western Norway:

Individual predictions can be associated with cyclones

Which cyclones contribute to the predictions?

The NN follows cyclones upstream

The NN favors stronger cyclones I -
in the North Atlantic storm track

that can lead to heavy precipitation
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We want to assess the physical realism of the
neural network’s decisions with explainable Al (XAl)

Compute relevance maps with
Layer-wise Relevance Propagation:
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Relevance values determine which pixels
contribute the most to the prediciton
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patches are overlayed with
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Do cyclones contribute to the neural network's predictions?

Relevance patches are not just collocated with
cyclones but are a signature of cyclone dynamics

Cyclone-centered composites of
relevance highlight cyclone structure
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center for SLP.

Highest relevance focused

on the outer, forward
right quadrant for winds.

Composites are rotated so that direction of propagation is along the x-axis

Conclusion ,

Object-based XAl relevance provides a stronger and
more quantitative framework for physical assessment
of neural networks than aggregated XAl relevance.

Our neural network's predictions of heavy rainfall
occurrence in Western Norway are based on North
Atlantic cyclones, aligning with physical'understanding.
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We can build on this work to'¢reate physicalsbenchmarks
for more advanced Al weatherprediction models, like
Pangu, GraphCast or AIFS.
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