Improvement of the deep-learning
real/bogus classifier
in the Tomo-e Gozen transient survey

=18 —ER
EbldyN=2
2021F10H5H



N\
/A
FE S ARE LY

HOE, bbNEfFAZZEZTWDH? (DTE)

valy bviRY L2019 Y23y bovHETY L2021
. SINET~DEEHMA, 5— & (- & 3 &%l F B E R CAR) !
. 54k H—TORERIELE) IEER

o H—RABROBBE(FER, A, Pedro) : WIhRE%EZE (T .
CNN#HZEICL 2B EORE(EX, 7)) - BRHAHEITEE LW |

. EHREMHOEB M) : 6% R \'I
FAUER GEl)

b % oy S8 BN N e AT B B0 N e Nole ddie S 4

* Introduction
* Cleaning mislabel in training data
e Evaluation with actual test dataset

* Implementation of new model
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Transient detection
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Previous Real/Bogus Classification
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Cleaning mislabel in training data
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Examples of mislabel
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* Virtual Adversarial Training (VAT, Miyato et al. 2016)
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Virtual Adversarial Training (VAT)
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* Local Distributional Smoothness (LDS)
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(1) Before training
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Evaluation with actual test dataset
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accuracy precision recall f1 score
Current model 0.974 0.050 0.981 0.095
VAT 0.998 0.436 0.942 0.596
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True Positive Rate

Evaluation with actual test dataset

ROC curve
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Implementation of new model
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Misclassitied samples
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Number of transient candidates
registered in DB
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