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These techniques are data agnostic, so we can use them to solve our open questions
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Ribeiro et. al, Why Should | Trust You? (2016)
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Ribeiro et. al, Why Should | Trust You? (2016)
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Function is a graph Like structure

. Variational (start with bad guess)

Optimize via gradient descent using
backpropagation
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Data flows forward = Prediction
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Errors flow backwards = Optimization
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Reality basis
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Maxwell's equations
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Wiggle each map and see
how sensitive the output
score is
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Weigh each map according to net effect on the prediction
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The height (z) dimension is
pixel importance
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Importance
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Grad-CAM highlights the penumbra, since this is what it searches for when classifying an image as a Sunspot
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Blackbox model
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Spectra from pre-flare
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Once trained, the network should identify what features
are strongly associated with precursory flare activity.

Spectra from active region

NASA/SDO
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=== train loss
val loss
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The network learns that triplet emission is important for deciding whether an active region will flare or not
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Obs: 20140611 181927 3863605329, Slit Position: 3, Pixel: 100
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Modeling Sunspot evolution with transformer networks (Janis Witmer)

The idea The model (ChatGPT)
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Normalizing flows for the Swedish Solar Telescope (Daniel Zahnd)
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D. Baso et al A&A (2022)
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