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Creating a training sample — 4MOST

* Rapid spectroscopic follow-up will provide the training sample for machine
learning to classify other LSST transient discoveries.

* In the Time-Domain Extragalactic Survey (TiDES) we are working to maximise
survey overlap with LSST to obtain many, good quality supernovae.
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This will be done with the 4-metre Multi-Object Spectroscopic Telescope (4MOST)
in the first few years of LSST’s observations.



Machine learning on SN light curves

Object: DES SNO09571.DAT, 2:0.42, Type:1

e snmachine (Lochner et al.
2016)

* Extract light curve features
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* Train algorithms to recognise 1o
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classes (i.e. type la, Ibc, Il)

* Classify new data based on
these features
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Classification performance
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Classification performance
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Type fraction
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Class balance
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Magnitude cut
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Mag N itUde CUt Training objects < 22.5 r-mag
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Training objects < 22.5 r-mag

Magnitude cut
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Class- and magnitude-representative

i.e. what we need for good photometric classification
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