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Task: Predict spread of wildfire Different modeling approaches
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1. Pick random location on US west coast.
2. Simulate fire started at center for 10mins. Wind: 315° Wind: 45°
3. Starting from this state, generate eight 25.1% 1.6%
different possible futures by setting a u
constant wind direction, then simulating — Simulator 2] —
another 10 mins.
4. Impose a highly asymmetric distribution Wind: 270° Start Wind: 90°
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on wind directions to make it challenging to

retrieve future states. 6 39
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We train a U-Net-based probabilistic diffusion model. It successfully Particle guidance achieves higher
generates diverse future fire states, conditioned on the input data. diversity by pushing samples within a
o batch away from each other.
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But: Expected ~302 samples to see each future state at least once.
Can we get more efficient?

In real-world data, we only observe a single outcome. Can we use simulators to generate
plausible alternate outcomes?

Future work
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