Where statistical methods can help
with Transients classification from
surveys

George Djorgovski, Ciro Donalek, Andrew Drake, Matthew Graham,
Roy Williams (Caltech); Baback Moghaddam, Michael Turmon (JPL); ...



* Mainly optical based but extends to other
wavelengths too (e.g. colors are like flux
ratios)

— Also context from other wavelengths used

* Mainly transients, but extends to archival
information as well



Why explore the time domain

Moving objects (asteroids, TNOs, KBOs)

SNe (cosmological standard candles, endpoints of stellar
evolution)

GRB orphan afterglows (constraining beaming models)
Variable stars (stellar astrophysics, galactic structure)

AGN (QSOs, fuelling mechanisms, lifetimes)
Blazars, Cosmic Rays, ...

Variability is known on time scales from ms to 101 yr

Synoptic, panoramic surveys = event discovery
Rapid follow-up and multi- A = keys to understanding
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Large datasets

CRTS
LSST
GAIA
VAST/ASKAP

BNs, GPRs, NNs, ...

DAME; VAO compatible
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A better view
of the skies
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CRTS

4kX4k CCD i N ‘ ‘ [ LI ] ll‘lllll =.
1200 deg?nt .
4x10 min exp =

e~ 2000 optical
Transients so far.

e ~70% SNe and CVs

e Others include
Blazars, AGN, variable

stars and flare stars,
and HPM stars.

SN z=0.05
http://www.crts.org CSS 20090711
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Broad, incomplete hierarchy

transients

Cv,
blazars,
periodic

periodic

e To other classifiers




Dealing with ...

Deciding a winner

— Winner take all; 50+; 40-10 rule

Upper limits

— Non-detections; missing data (galaxy proximity)

Combining classifiers
— Sleeping expert; multi armed bandit; but how?

Error-bars
— SN challenge; 4 slopes; early data challenge

Choosing follow-up



Building Bayesian Networks

Local dependencies,
irrelevancies are evaluate
using modeling

Priors, likelihoods are
obtained

Data define network

Incidental
parameters

Phenomenology

AN
0N

@/é © é\

Class

Colors Other observed
parameters

Radio, for instance



Questions raised by the
Data paucity regime

How many classes?

Too few: probabilities incorrect (where do
objects belonging to unrepresented classes

go?)
Too many: overlaps increase (e.g. SN of

different types; variables of different types)
and probability splits into smaller fractions

What kind of winner?



Priors based on CRTS data (dm > 2)

3colors+gb  CV (0.65) SN (0.71) BL (0.33) REST (0.23)
(WTA)

cV 0.72 0.08 0.08 0.13

SN 0.23 0.46 0.12 0.19

BL 0.24 0.03 0.49 0.24

REST 0.34 0.18 0.21 0.26

8% CV classified as SN, 65% of objects classified as CV are actually CV

- Winner-take-all

- At least 50%

- 40%+ and 10% diff

- allowing missing info

Based on a single set of observations



* Adding peripheral parameters like gb and distance to
nearest galaxy helps

* Having additional colors is good
* More context info helps (flux in radio, x-ray etc.)

* Need to inculcate temporal information

3 colors +gh+ CV (0.74) SN (0.84) BL (0.31) (1-contam.)
galaxy prox.
(WTA)
CcV 0.74 0.08 0.16
SN 0.21 0.50 0.27
BL 0.19 0.00 0.80
completeness




Transients with extra points after
discovery
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Using GPR with lightcurves

Graph of expected data using fixed hyperparameters: (4.02, 1.0, 0.1)
e T T Given several epochs and corresponding

magnitudes, estimate the likelihood of a
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(a) © g

® af M. Ebden

Figure 3: Estimation of y. (solid line) for a function with (a) short-term and long-term
dynamics, and (b) long-term dynamics and a periodic element. Observations are shown
as crosses.
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log marginal likelihood
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Characterization Vs. Classification

* Early focus on the extraction and dissemination of time
series

* Characterizations is important
— dm/dt
— change of direction per unit time
— change in periodicities (e.g,. wavelet or fourier decomposition);
— variation in dm/dt
— acceleration in dm/dt

Most SNe will
diii n(?t become
fainter and then

dt brighten up




20

os

ee

05

Frequency

: At = 1 day

T . 0 -
s ) — —
—— ‘;q’__l‘_gT"_l‘—"E
I o ' T L
. g
s ¢
. - 3
a 2
° o
o

700

el

a0

T T T I 1

CEP DSCTI UG EA EB EwW M RRAE SNa SNk

Change n Magnitude Histogram for 14 Periods inS RR Lyrae

ol

- e —— -

05 0 0s 1

Change in Magnitude Over One Day

Frequency

. At = 2 days
- i
: :
1 i i
] - " v v
. g l P —’ !
“d*%ET:F%—ﬁG
B ¢ L
. ' f
S v . e
: ~
awz LLP L‘S'YCI uG EA ETB k:h' :l HRAS S?:u S':bc
RR Lyrae g-r
50

03 02 01 0 01 02 03 04 0S8

g-r

T W ESE—.—



Principal component analysis on different “simultaneous” bands

Proposed by Paul Bartholdi 2005: Applied to the Geneva photometry constant stars
(results: some are variable!)

- Perform the period search on the “new magnitude” (first component)
- Characterize the physical properties of stars

- Current tests on Geneva Photometry and on SDSS stripe 82

Principal component 1
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Eyer et al. 2010
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* Non-sparse time series (Many methods;
relatively easy)

e Sparse time series (Non-trivial)
— Non-gridded
— Error-bars

— Upper limits
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Supernova challenge

- with photo-z for host galaxy

thout redshift information

- early-

- WI

epoch challenge



Follow-up (for missing values)

Such that it will help discriminate better

Serve probabilities so that consumers can choose their types
of transients

Widest possible models
. . Telescope 1: P(x,,y | X,)
(resource uniformity) " Updated P(y | X,, X,)

(well connectedness)

Initial P(y | x,) el _ -
H=1.31
I-...II Telescope 2: P(xg,y | X,) Updated P(y | X, Xg)
H=1.82

/), H=179



Further work needed for ...

Deciding a winner

— Winner take all; 50+; 40-10 rule

Upper limits

— Non-detections; missing data (galaxy proximity)

Combining classifiers
— Sleeping expert; multi armed bandit; but how?

Error-bars
— SN challenge; 4 slopes; early data challenge

Choosing follow-up



