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What have transients been useful for?

* Discovery of the accelerating expansion of the universe (Type la Supernova)
* Detection of gravitational waves (Kilonovae)

* Production of the universe’s heavy elements

The Origin of the Solar System Elements

‘A,AdaﬂAAdAA
B
HH dddEEE N

HAHEEERENEREE G

Astronomical Image Credits:

Graphic created by Jennifer Johnson ESA/NASA/AASNova Ca IteCh/LI G O

NASA/JPL-Caltech



12785 Supernovae In 15 seconds

A History of Supernova Discovery  SNe  GRBs  Pulsars  About Aug. 27 1054 - July 7 1881

Isaac Shivvers (UC Berkeley)



LSST TAKES 20TB OF IMAGES PER NIGHT

10 million transient
alerts per night!
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How can we expect to get lucky with
such high volumes of data?
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The known transient universe

The transient universe remains
largely mysterious

New surveys will observe an
unprecedented number of
transients - new and known

Need to prioritise follow-up
based on class and epoch

Automated, fast, and early
classifications are required
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Build regressive model of common transients
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Build regressive model of common transients
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Build regressive model of common transients

Model (1): Temporal Convolutional Neural Networks (probabilistic)
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Model (2): Bayesian model based on the Bazin function (Bazin et al. 2009)
e~ (t—to)/Tral
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Build regressive model of common transients

Model (1): Temporal Convolutional Neural Networks (probabilistic
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Build regressive model of common transients

Model (1): Temporal Convolutional Neural Networks (probabilistic)

* Qutput parameterised as a Normal
distribution using a probabilisitic
neural network

* |nclude flux and predictive
uncertainties in the loss function

 Bayesian Neural Network using
MCDropout (Gal & Ghahramani
2015)
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Build regressive model of common transients

Model (2): Bayesian model based on the Bazin function (Bazin et al. 2009)
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Build regressive model of common transients

Model (2): Bayesian model based on the Bazin function (Bazin et al. 2009)
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Bayesian model
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Relative flux

Build regressive model of common transients
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AnOmaIy SCOores Model: SNla-norm
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Tralning set

Anomaly scores

Model: SNIa-norm
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Training set
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Neural networks are too good at regression for
anomaly detection

Bazin DNN
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AnOmaIy SCOores Model: SNla-norm
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Model: SNIa-norm
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True Anomaly Rate
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ROC Curves

Model: SNIa+SNII+SNIbc
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Conclusion

Developed two frameworks to model common transient classes using
* (1) a Deep Neural Network
e (2) a Bayesian model based on the Bazin function

Built models of the SNla, SNII, SNIbc, SLSNe, TDE transient classes

Can detect anomalies in real-time, useful for prioritised follow-up in new
large scale transient surveys

Fast and scaleable to model tens of thousands of events that will be
discovered in LSST and ZTF within a few seconds



