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A rain on snow event on a tributary to the Nisqually. Notice how at later horizons, the forecast trace for GFS
remains much higher than other traces. We can see that GFS forecasted temperatures remain above zero
whereas other sources drop below freezing. This highlights that the model maintains physical fidelity even

when forecasting using a single weather input.

Above, ST-3 forecasts during extreme flows caused by hurricane Helene. Below, integrated gradients across space and time
highlighting the importance of precipitation from various weather sources with regards to forecasts during the extreme flow event.
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