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Introduction: Time-domain astronomy

* Time-domain astronomy: Studying time-varying objects.

 Rapid follow-up observations are necessary especially for
transients (Short-timescale variabilities < 1 day).

» Kilonovae, Flare stars, Supernova shock breakout, etc.
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Based on Buckley et al., 2020, Fig. 1. Based on lJiang et al., 2021, Fig. 6.
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Introduction: Tomo-e Gozen transient survey

Tomo-e Gozen transient survey

« All-Sky Survey: ~5000 deg? /night, ~2 visit/night

 High-Cadence Survey: ~2500 deg? /night,

2-3 visit/night

+

* Neutrino alert follow-up observations
— MM-12P by Toshikage-san
« GW alert follow-up observations

 X-ray alert follow-up observations
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Introduction: Tomo-e Gozen transient survey
‘ Too—eGozen mae with one sensor |

Tomo-e Gozen transient survey
* All-Sky Survey: ~5000 deg® /night, ~2 visit/night
« High-Cadence Survey: ~2500 deg? /night,
2-3 visit/night
« 2 fps video data
— Stacked image of a video data (6 seconds)
— Limiting magnitude < 19 mag

Tomo-e Gozen camera
Sako et al. 2018 | with 84 CMOS sensors



https://doi.org/10.1117/12.2310049
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IIntroduction: Aim of this research

« Develop feature-based ML models (a discriminator & a classifier).

» Develop a transient event alert system.
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High-count “CNN-Real”
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~107 /night ~10* /night

If already
recorded once

“Reliable transient
candidates”
~107% /night

> still contained ~90% false detections.
Real-time alerts had not been achieved.
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IIntroduction: Aim of this research

» Develop a transient event alert system.

« Develop feature-based ML models (a discriminator & a classifier).

Image-based ML model

(Takahashi et al., 2022)
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Developing machine-learning (ML) models

* CNN in the Tomo-e Gozen pipeline does not use astronomical information.

* Develop two machine-learning models with random forest (RF) algorithm.

“Reliable transient
candidates”
~10% /night

/ Train data

 Astronomical catalogs
» Data unique to Tomo-e Gozen
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* Real probability (0~1)
* Event probability list

Supernova
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Cataclysmic Variable
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Manage these outputs
in the database




Developing machine-learning (ML) models

Why Random Forest (RF) algorithm?
* This is feature-based.

* It is possible to create a high-precision and

interpretable model relatively easily.

We aim to develop the discriminator that satisfies

TPR > 0.8 and FPR < 0.05.
(True Positive Rate) (False Positive Rate)

Assuming 10 true and 90 false “reliable
candidates” daily, 8 correct and 4.5 false
alerts would be issued each day.
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Developing ML models: Features

Astronomical catalogs

Observation data of Tomo-e Gozen

Examples of | The angular separation to the The The time interval between
features @ | yisually nearest galaxy Tomo-e Gozen 15t and 2" records
Aim Galactic vs. extragalactic discrimination | Burst vs. non-burst discrimination

Figure 5 st t[days] 2nd
Examples of | Annual parallax of the visually nearest | Number of detections per difference
features @ | object image

Aim Association with a galactic star Subtraction failure check
Fiqure g




Results of Real/Bogus discriminator

The Real/Bogus discriminator model almost achieved
TPR = 0.8 & FPR < 0.05 with the test dataset.

AUC (Area Under the ROC Curve) = 0.957

Threshold: Real Prob > 0.6 is labeled as “Real”.

5 ~0.05
>0.8
Features Importance

1 CNN Real Probability 0.0919
2 Pan-STARRS separation 0.0691
3 Gaia mean G mag 0.0445
4 Gaia separation 0.0442
5 Time interval between two records 0.0441




Results of event classifier

« Classification of the probability list output by
the classifier:

[SN, CV, long-term Variable Star, Eruptive Star, AGN,
Hostless object, Bogus]

A 7x7 matrix illustrating the correspondence between
predicted labels and true labels in a classifier model.
Each cell displays the row-normalized proportion.

Features Importance
1 RF Real Probability 0.0805
2 GLADE+ galaxy separation 0.0480
3 Gala separation 0.0434
4 Pan-STARRS separation 0.0442
5 GLADE galaxy separation 0.0351




Recent alert examples

* Recent alert examples Early superhump of a
Discovery of SN 2025aedz! (Nov. 19) dwarf nova (Nov. 21)
(e}
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mjd
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Hostless
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Early detection

of a nova in M33
cVv (Sep. 23)



‘Transients discovered by Tomo-e Gozen

* Discovery reports to Transient Name Server (2024-): 5 reports
(SN 2024acn, SN 2024ahe, SN 2024iez, AT 2024aexk, SN 2025aedz)
+ multiple early detections




IFuture work

» We conducted follow-up through the OISTER framework
— PO-21P by Nogami-san

» We will implement automated follow-ups.

* Tomo-e Gozen (N 35°47'50.0%, E 137°37'31.5") alert system has a
potential to become a good information source for the time-
domain astronomy community in East Asia.

“Time zone in

» We will expand the collaboration network. Asia is unique"

in Tanaka-san's talk

 Image processing is limiting the immediacy of alerts.

> Introducing MDX (data platform), we will solve this problem soon.



Summary

1. Tomo-e Gozen conducts an optical transient survey every night.

2. ML-based discriminator and classifier enable the issuance of

transient alerts.

3. Follow-up observations triggered by these alerts have been

conducted with OISTER, a Japanese collaboration framework .

4. In the future, we aim to expand both the observing network

and the scientific targets.
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