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Time-domain classification is foundational to
astronomical science.
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How far down the classification tree you descend
depends on your scientific interest.

Variability

Tree
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Photometric variability alone does not distinguish all
astrophysical classes.

5 llllIIIllllIIIIIIIlIIIIlIlIlIIIIlIIlIIIIIIIIIIIIIIIIII

Thermonuclear Supernoyae

I Hydrogen

Helium

N suirer
Shicon

I o

T 1T 1T 1T T 71

Type la

No Hydrogen
Strong Silicen

Care Collopse Supernoyae

3
»
2
(.
4
>
o Type Ic
g Me Hydrogen
No Hel_iym
2 Waak Silicon
Type Ib

Weak Hydrogen
Streng Helium

laplalamiawl ] | Lol el ol el l Lo ol oun e bame b s o | I

Type Il

Strong Hydregen

R Vo Vo e e v o | | L S e S | S e s | [ U U | S ) S S | o | - | [ J ] e O A A A - I L _dE JE dE dF Jdr JE 4l

T ET ET R T ET T T | T

a llllIlllllllllllllllllllIlllllllllllllllllllllllllllll

4000 5000 6000 7000 8000 9000
Wavelengih (Angstroms)




Astronomers use a range of classification methods.

Simple cuts on event properties
Spectroscopy

Template fitting
Host/environment

Parametric fitting

Featurized Machine Learning
Deep Learning & friends

"Physics-aware ML"



Astronomers use a range of classification methods.

Simple cuas on event properties

Parametric fitting
Featurized Machine Learning
Deep Learning & friends

'Physics-aware ML"



Simple cuts can be surprisingly effective.
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Simple cuts can be surprisingly effective.

2.2. Search Procedure

Every night, the ZTF alert stream is filtered by several
independent pipelines to identify young or fast-evolving transi-
ents. In this paper we focus on events discovered via the approach
described by Ho et al. (2020a) and Perley et al. (2021b). In short,
basic cuts are applied to remove artifacts, asteroids, and stellar
flares. Remaining transients are divided into several groups,
including new transients (those with no detections prior to the
current night). One of us (A.Y.Q.H., D.AP.,, or Y.Y.) visually
inspects the new transients and determines whether any meet the
following criteria for afterglows.

1. A fast rise from the previous nondetection (2 0.5
mag day 1).

2. Red colors (g — r > 0 mag) expected from optically thin
synchrotron radiation (see Ho et al. 2020a) or rapid
intranight fading in a single band.

3. Either no, or a very faint, associated host in deep archival
imaging from the Legacy Survey (Dey et al. 2019) or
Pan-STARRSI1 (Chambers et al. 2016).
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For supernovae spectroscopy provides the best
classification.

Normalized flux [erg/cm2/s/fi]
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Y [pixels]

Robotic followup with the SEDM on P60 provides world-
leading transient classification throughput.
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Y [pixels]

Robotic followup with the SEDM on P60 provides world-
leading transient classification throughput.
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The ZTF Bright Transient Survey is the largest
spectroscopic supernova survey ever.

Spectroscopic followup of all ZTF transients brighter than 18.5 mag
Over 7000 classified objects to date S

All events:
mag <(19.0 |{18.5 |18.0 |[17.5 |17.0

All typed| 7368 |4947 2614|1424 | 716
All SNe | 7266|4867 2562|1394 | 698 :
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=15:0'1
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https://sites.astro.caltech.edu/ztf/bts/

Most LSST transients will be too faint for routine
spectroscopy!
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Template fitting compares lightcurves to models or

examplars of known transients.

List of built-in models <

Model A (Superluminous supernova)

Transient
data

Magnetar Supernova
engine photosphere

Photon
diffusion

o o o W W W o o W oW

Free
parameters

Transient
data

4mm S e e e smeesmssssssssssssmsss—-——— Physics - -+

Kilonova
photosphere

r-process

deposition Photometry

Photon
diffusion

Free
parameters

MOSFIT: Guillochon+18

Model name

default

csm

csmni

exppow

ia

ic

magnetar

magni

rprocess

kilonova

bns

slsn

tde

Description

Nickel-cobalt decay
Interacting CSM-SNe

CSM + NiCo decay
Analytical engine
NiCo decay + |I-band
NiCo decay + radio

Magnetar engine w/
simple SED

Above + NiCo decay
Kilonova
Kilonova

Kilonova + binary
params + angle

Magnetar + modified
SED + constraints

Tidal disruption events

Reference(s)

1994ApJS...92..527N

2013Ap)...773...76C,
2020RNAAS.. 4...16)

See default & csm

2017ApJ...850...55N

2017Ap)...851L..21V

2017ApJ...851L..21V

2021arXiv21020222¢

2017ApJ...850...55N

2018arXiv180108221



Template fitting compares lightcurves to models or
examplars of known transients.

Model A (Superluminous supernova)

Transient >
data

----------------------------------------- Physics - -+

: Magqetar Supernova Photometry
: engine photosphere

: A /

: Photon SE

Free
parameters

Pros:
Conceptually straightforward
Can sometimes constrain physical
parameters

Priors

Model B (Kilonova) COHS

Can be slow to execute
........................................ Need really good data/models

Setosehos B Frotomet § "Searching under the lamppost”

4 / .
| Photon S /
: :

e
parameters

MOSFIT: Guillochon+18 15




Contextual/host galaxy information can aid classification.
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Parametric models can fit a variety of object types.
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Trise
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Fit parameters and other lightcurve statistics can be used
as features for machine learning models.

Feature

Table 2
List of Detection Features Used by the Light Curve Classifier

Description

Sanchez-Saiz+21

References

delta_period

IAR_phi*
MHPS parameters”
positive_fraction

Power_rate™ ¢

PPE* ¢

(g—7)_max ¢
(g—r)_max_corr 4
(g—r)_mean ¢
(g—r)_mean_corr ¢
delta_mag_fid
ExcessVar™
GP_DRW_tau™*
GP_DRW_sigma™*
Harmonics parameters™

Multiband_period™ 4

* %k

Pvar
SF_ML_amplitude™*
SF_ML_gamma™*
SPM features™™
Amplitude

AndersonDarling
Autocor_length
BeyondlStd
Con

Eta_e

Gskew
LinearTrend
MaxSlope
Meanvariance
MedianAbsDev
MedianBRP

Absolute value of the difference between the Multiband_period and the MHAOV period
obtained using a single band

Level of autocorrelation using a discrete-time representation of a DRW model

Obtained from an MHPS analysis (three in total)

Fraction of detections in the difference images of a given band which are brighter than the
template image

Ratio between the power of the multiband periodogram obtained for the best period candidate (P)
and 2 X P,3 x P,4 x P, P/2, P/3, or P/4

Multiband Periodogram Pseudo Entropy

g—r color obtained using the brightest 1c_diff magnitude in each band

g—r color obtained using the brightest 1c_corr magnitude in each band

g—r color obtained using the mean 1c_diff magnitude of each band

g—r color obtained using the mean 1c_corr magnitude of each band

Difference between maximum and minimum observed magnitude in a given band

Measure of the intrinsic variability amplitude

Relaxation time 7 from DRW modeling

Amplitude of the variability at short timescales (¢t < 7), from DRW modeling

Obtained by fitting a harmonic series up to the seventh harmonic (14 in total)

Period obtained using the multiband MHAOV periodogram

Probability that the source is intrinsically variable

rms magnitude difference of the SF, computed over a 1 yr timescale

Logarithmic gradient of the mean change in magnitude

Supernova parametric model features (seven in total)

Half of the difference between the median of the maximum 5% and of the minimum 5%
magnitudes

Test of whether a sample of data comes from a population with a specific distribution

Lag value where the autocorrelation function becomes smaller than Eta_e

Percentage of points with photometric mag that lie beyond 1o from the mean

Number of three consecutive data points brighter/fainter than 20 of the light curve

Ratio of the mean of the squares of successive mag differences to the variance of the light ~nrve

Median-based measure of the skew

Slope of a linear fit to the light curve

Maximum absolute magnitude slope between two consecutive observations

Ratio of the standard deviation to the mean magnitude

Median discrepancy of the data from the median data

Fraction of photometric points within amplitude/10 of the median mag

This work

Eyheramendy et al. (2018)
Arévalo et al. (2012)
This work

This work

This work

This work

This work

This work

This work

This work

Allevato et al. (2013)
Graham et al. (2017)
Graham et al. (2017)
(Stellingwerf & Donohoe 1986)
Mondrik et al. (2015)
McLaughlin et al. (1996)
Schmidt et al. (2010)
Schmidt et al. (2010)
Villar et al. (2019)
Richards et al. (2011)

Nun et al. (2015)
Kim et al. (2011)
Richards et al. (2011)

Kim et al. (2011)
Kim at al (IN014)

See dmtn-118.Isst.io for a
review of timeseries
features



http://dmtn-118.lsst.io

Fit parameters and other lightcurve statistics can be used
as features for machine learning models.

SNIbc 1

SNII A

SLSN 1

QSO 1

AGN -

Blazar

True label

CV/Nova 1

LPV -
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Deep learning approaches avoid the need for feature

engineering.

Relative Flux
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Class Probability
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Deep learning approaches avoid the need for feature
engineering.

RAPID
Muthukrishna+19

Deep

Preprocessing Input Matrix
()

Light Curves LC :——r——— Sec 3. 2
a + tos nx(p+2)
I ' Sec 2.5 'l'

f —p Interpolate on —P Testlng Set jl=——p
bl } to n=50 time grid
| ot 1 |
2L el M ‘M | to
“1 Ut it § . Class: Matrix  1:1

0.01 t Pre-explosion : .‘: o '
a [ <
Kilonova: ' .
75 50 —25 0 25 50 75 b : |§

Days since trigger (rest frame) '
VS SINC 11;1 I ram _> SNla - !! Truth Table l_ Sec 4
Measure
) Classm: >
Sec 2.4 to fit h po— '(m + 1) Performance

See Jamal & Bloom 2020
for a review of network
architectures.



Separating known physics from unknown or nuisance
parameters appears powerful.

Metadata m

Generative Model do

(z, B, t)

/ Input: Light Curve \

ParSNIP
Boone 2021

Encoder
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Variables s,
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Intrinsic Spectra \
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Physics
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/ Output: Light Curve\

Comparison




Separating known physics from unknown or nuisance
parameters appears powerful.

ParSNIP
Boone 2021
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53

Separating known physics from unknown or nuisance
parameters appears powerful.
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The ELASTICC classification challenge is currently
preparing community alert brokers for LSST.

Brokers & Alerts

Alerts generated from
simulations are streamed to
the ZTF alert distribution
server, and from there to
brokers. DESC ingests
classifications into a
database which also
holds truth tables
from the original
simulation.

. |training sample

https://portal.nersc.gov/cts/Isst/DESC TD PUBLIC/ELASTICC/
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https://portal.nersc.gov/cfs/lsst/DESC_TD_PUBLIC/ELASTICC/

The ELASTICC classification challenge is currently
preparing community alert brokers for LSST.

AMPEL v0.4

Show | ElasticcLiveSNGuess (XGBUnified+Parsnip05)
Show | ElasticcLiveSNGuessParsnip (XGBUnified+Parsnip05)

Show | ElasticcLiveSNGuessParsnipPrior (XGBUnified+Parsnip05)

ANTARES 2.0.0

Show | Astrorapid_filter (known_redshift=True)
Show | LiCuParsnip_filter (v2)

Show | LightGBM_filter (v3)

Show | REFLECT_subclass_v1 (v1)

Show | REFLECT_v1 (v1)

Fink 2.4

Show | AGN classifier version 1.0 (Probability to NOT be an AGN based on a Random Forest classifier)
Show | AGN classifier version 1.0 (Probability to be an AGN based on a Random Forest classifier)

Show | CATS broad classifier version 1.0 (Level 1 classifier based on the CBPF Algorithm for Transient Search)



The ELASTICC classification challenge is currently
reparing community alert brokers for LSST.

ALeRCE 3.1.0 balto
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