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Classifying supernovae with recurrent neural networks
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Supernovae photometric classi�cation challenge

1. Type Ia vs. non-Type Ia

2. Type I vs. Type II vs. Type III

3. Type Ia vs. non-Type Ia (early epoch data)

4. Type I vs. Type II vs. Type III (early epoch data)
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How others did

SALT2

Spectral Adaptive Lightcurve Template

Accuracy = 96% and F1 � 0:6

Machine learning techniques

Method Train Accuracy F1

Karpenka et al. (2013) 1,045 0.33

Karpenka et al. (2013) 10,660 0.58

Newling et al. (2011) 2,000 0.45

Newling et al. (2011) 8,000 0.55

Lochner et al. (2016) 1,103 0.94�0.03
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How we did

1. Type Ia vs. non-Type Ia

Unidirectional LSTM, [4] with 0.5 dropout

Train Accuracy F1

1,103 85.9 � 0.9 0.31�0.03

Unidirectional LSTM, [16, 16] with 0.5 dropout

Train Accuracy F1

5,330 92.9 � 0.6 0.57�0.03

10,660 94.7 � 0.2 0.64�0.01
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Why we were a little better

2. Type I vs. Type II vs. Type III

Bidirectional LSTM, [4] with 0.5 dropout

Train Accuracy

1,103 78.1 � 0.9

Bidirectional LSTM, [16, 16] with 0.5 dropout

Train Accuracy

10,660 90.4 � 0.3
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Why we were a quite a bit better

3. Type Ia vs. non-Type Ia (early epoch data only)

Unidirectional LSTM, [4] with 0.5 dropout

Train Accuracy F1

1,103 85.2 � 1.2 0.29 � 0.04

Unidirectional LSTM, [16, 16] with 0.5 dropout

Train Accuracy F1

10,660 93.1 � 0.4 0.58 � 0.01
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Why we are even better still

4. Type I vs. Type II vs. Type III (early epoch only data)

Unidirectional LSTM, [4] with 0.5 dropout

Train Accuracy

1,103 76.8 � 1.3

Unidirectional LSTM, [16, 16] with 0.5 dropout

Train Accuracy

10,660 87.9 � 0.9
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What is most impressive
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Conclusions

Supervised deep learning

How recurrent neural networks can classify supernovae

Some results
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