Pay attention to the Flare

Selt-Attentive Model

» Architecture: GRU baseline with an added self-attention layer.
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We use 300,000 samples of extragalactic objects in the — a—

PLAsTICC dataset to train/validate/test our classifier. All light
curves were linearly interpolated. Only the training set was
balanced.
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diagonal represent the portion of objets correctly classified for a given class.

https://github.com/aibsen/pay_attention_to_the_flare
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