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1. Context:

What is the goal of classification tasks?

e Qrganize knowledge
e Understand patterns of behavior
e Predict possible outcomes

e Separate objects for further scientific analysis

Discovery and Classification in Astronomy - by Steven Dick - Cambridge University Press (2013)
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e Predict possible outcomes

e Separate objects for further scientific analysis

Trained
machine — SN Photo-classified

learning candidates — SN la —
classifier




2. Evaluating classification results

Trained
machine — SN — Photo-classified ) | -
|earning Candidates SN Ia -
classifier »

Hypothesis:

Good classification results will result in better science results



2. Experiment set-up

Goal: to understand the impact of different contaminants

in a cosmology results

LS-7 There /s no real claseifier

4.a - wifit
1-LCs 2 - SALT2 fit 3 - SALT2mu w-best-fit
x1, ¢, mB —> mu, muerr

4.b - Stan
PS2: Yery cimplified coomological analysis w-posterior

PLAsSTICC data

Study each different contaminant at a time

Separate analysis for DDF and WFD

Compare traditional classification metrics with properties from posteriors



3. Total number of objects

e Perfect: all real SN la >0
— DDF
e Random: sampling 530'
from the set of objects £
surviving SALT2 fit 10
(14% cont - DDF, 10%
cont WFD) >0
— WFD
e Fiducial: objects i [ i
classified as SNla by o fiducial
Avocado (Boone, 2019) 10
which survived SALT2 | . i

-1.2

fit -- (Ibc, Il, lax ~ 5%,
3% cont - WFD)

Malz and the RESSPECT team, 2021, under DESC and COIN internal review



4. Samples surviving SALT?2 fit

DDF

Perfect -
Fiducial -
Random -

SN-I1 28 1
SN-I1 25 -
SN-I1 10 1
SN-II 5 1
SN-II 2 -
SN-II'1 1

SN-lbc 5 -
SN-Ibc 2 -
SN-lbc 1 -

SN-lax 14 1
SN-lax 10 1
SN-lax 5 -
SN-lax 2 1
SN-lax 1 -

CART 0.9 1
SN-la-91bg 0.2 -

AGN 0.1 1

PS:1 There is no real
classifier

(apart from Avocado)

WFD

Perfect -
Fiducial A
Random 1

SN-II 28 1
SN-II 25 1
SN-II 10
SN-I1 5 1
SN-II 2 1
SN-II' 1

SN-Ibc 10
SN-Ibc 5 -
SN-Ibc 2 1
SN-1bc 1 -

SN-lax 25 1
SN-lax 10 1
SN-lax 5 1
SN-lax 2 1
SN-lax 1 4

SN-la-91bg 5 1
SN-la-91bg 2 -
SN-la-91bg 1 1

AGN 5 1
AGN 2 4
AGN 1 4

TDE 0.4 1
CART 0.3 1




5. Results: DDF

perfect * * o= —h=
Fiducial { DDF *x i * —k— k- * {
Random * . = 2 * X * *
SN-1281{ ¢ : ¢ - + & ¢
SNAI25{ ¢ : ¢ - + o >~ ¢
SN-11 10 ¢ ; L = + I ¢ ¢
SN-II 5 ¢ ¢ + + i . .
SN-1l 2 § i
SN-1I 1 i
SN-Ibc 5 % ‘% ® i ® 1 *
SN-Ibc 2 1 ® | - P % % | ] ”
SN-lbc 1
SN-lax 14 ] ol Com R | 2 2 [ L
SN-lax 10 ] I . | - = P m ™
SN-lax 5 _ I ] - | - ;| B =
SN-lax 2 m: m o - | i
SN-lax 1 jl
CART 0.9
SN-la-91bg 0.2
AGN 0.1 : : : o
04 06 08 10 —002 000 002 004 -14 175 -1.0 -1.2 1A, -1.0 5 10 -6 -4 -2
FoM3 AFM wfit w Stanla w log[KLD] log[EMD]
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5. Results: DDF

Perfect * * + __*_
Fiducial DDF * 1 -* + |
Random * * % e * *

SN-1281 ¢ : : ¢
SN-125{ ¢ : : ¢
SN-11 10 ¢ : :

SN-1l 5 ¢ : : P
SN-II 2 i : 0i | i
SN-II 1 : p | ¥ i

> ®

1

+
L 2

SN-lbc 5 ® % ® % i »® . *®
SN-lbc 2 . | : : ] '
SN-Ibc 1

SN-lax 14 [ ] : A —B- S| :
SN-lax 10 ] § N - - | ] ] ]
SN-lax 5 " ] - | :
SN-lax 2 W n [ |
SN-lax 1

CART 0.9
SN-la-91bg 0.2
AGN 0.1

04 06 08 1.0 -0.02 0.00 0.02 0.04 -1.4 -1.2 -1.0 -1.2 -1.1 -1.0 5 10 -6 —4 -2
FoM3 AFM wfit w Stanla w log[KLD] log[EMD]

1. Maetrics based on posteriors are sensitive to small contaminations
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5. Results: DDF

Perfect
Fiducial
Random

SN-II 28
SN-II 25
SN-II 10

L 2

<o

SN-II' 5

SN-II 2
SN-II'1

SN-lbc 5

SN-Ibc 2
SN-lbc 1

SN-lax 14
SN-lax 10

SN-lax 5

SN-lax 2
SN-lax 1

CART 0.9
SN-la-91bg 0.2
AGN 0.1

1.0 -0.02 000 002 004 -14

AFM

06 08

04 o0
FoM3

-4
log[EMD]

5 10 -6

log[KLD]

2374, -1.0

Stanla w

172 -10 -1.2

wfit w

Metrics based on posteriors are sensitive to small contaminations
5% contamination is already too much
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5. Results: DDF

Perfect
Fiducial
Random

SN-II 28
SN-II 25
SN-II 10
SN-II' 5
SN-II 2
SN-II'1

SN-lbc 5
SN-lbc 2
SN-lbc 1

SN-lax 14
SN-lax 10
SN-lax 5
SN-lax 2
SN-lax 1

CART 0.9
SN-la-91bg 0.2
AGN 0.1

1.
2.
3.

* * Bl —e
DDF * * —x—| i =t —k
* ox * * Pl * *
’ -+ + i - ’
¢ : o -+ i { e ¢
® L. S + | ’ ¢
B Poe 4 +| i §
b 3 . 3 8 p- 4
n n - - | n ]
" ;o om - e —
[ | : % i o o
. .
04 06 08 130 —0.02 o.é)o 002 004 -1.4 1.2 14 -1.2 219 .—1'.0 5 10 -6 —4 i
FoM3 A FM wfit w Stanla w log[KLD] log[EMD]
Metrics based on posteriors are sensitive to small contaminations
5% contamination is already too much
Perfect borders the simulated model
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6. Results: WFD

Perfect
Fiducial
Random

SN-Il 28
SN-1I 25
SN-I 10
SN-1I 5
SN-II 2
SN-II 1

SN-lbc 10
SN-lbc 5
SN-lbc 2
SN-lbc 1

SN-lax 25
SN-lax 10
SN-lax 5
SN-lax 2
SN-lax 1

SN-la-91bg 5
SN-1a-91bg 2
SN-1a-91bg 1

AGN 5
AGN 2
AGN 1

TDE 0.4
CART 0.3

04 06 08
FoM3

1.0

0.00 0.02
A FM

wfit w

004 -11 -1.0 -09 -08

12

17 -1.0
Stanla w

5 10
log[KLD]

X Y
log[EMD]
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6. Results: WFD

Perfect
Fiducial
Random

SN-Il 28
SN-1I 25
SN-I 10
SN-1I 5
SN-II 2
SN-II 1

SN-lbc 10
SN-lbc 5
SN-lbc 2
SN-lbc 1

SN-lax 25
SN-lax 10
SN-lax 5
SN-lax 2
SN-lax 1

SN-la-91bg 5
SN-1a-91bg 2
SN-1a-91bg 1

AGN 5
AGN 2
AGN 1

TDE 0.4
CART 0.3

1.

Perfect results are further from simulated model + larger error bars

* * x x
WFD 5 —— e x —— ———
* e —k— dr- g ——
¢ —— 1 | —- + ¢
¢ s = Wi s = s -+ +
¢ = 1= B\ + +
6 P L [~ 4 4+
. o R .- . —
o —.— i -] i - =
n . L i - -
= —i— — -t - -
® A o o —o— —e—
04 06 08 10 0.00 0.02 004 -1.1 |[-1.0 —-09 —$8 -1 -1 7 5 10 -6 —4 23
FoM3 A FM wfit w Stanlp w log[KLD] log[EMD]
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6. Results: WFD
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1.

Perfect results are further from simulated model + larger error bars
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= —i— — -t - -
® A o o —o— —e—
04 06 08 10 0.00 0.02 004 -1.1 |[-1.0 —-09 —$8 -1 -1 7 5 10 -6 —4 23
FoM3 A FM wfit w Stanlp w log[KLD] log[EMD]

Malz and the RESSPECT team, 2021, under DESC and COIN internal review




6. Results: WFD

Perfect * | * e 1 ]
Fiducial { WFD * ! —f— —— ] —ki— g ] AN T
Random * : -k —e-t 1 4 ]

SN-11 281 ¢ Pl | ] e
SN-ll 25 e (] (] : ._e - . :
[ sN-110 ¢ il i } : ] T ]
SN-II 5 ¢ = i ——+- ——: | + ] -+
SN-II 2 : : ' : ] ot ] .
SN-Il 1 '

+¢

| SN-Ibc 10 * i e .l B ——: - 1 e |
SN-TbT 5 ® = =3 - —= :
SN-Ibc 2 Fl A x
SN-lbc 1

M u : ] :+ - H ] — H g B ] [
SN-lax 10 [ IR —— ! L B 1 — - 1 F] |
SN-lax 5 [ R — ‘ T 1 | B ] -
SN-lax 2 il A -/ | ] : ; ] -
SN-lax 1

SN-1a-91bg 5 @ . 2 o ] R —— e
SN-la-91bg 2 ® : | . 4 1 ¢ & 1
SN-la-91bg 1

AGN 5 A i e S 1 A e ] i
AGN 2 : 1 v % { : . :
AGN 1

TDE 0.4
CART 0.3

04 06 08 10 0.00 0.02 004 -11 -1.0 -09 -08 -12 17 -1.0 5 10 -6 —4 23
FoM3 A FM wfit w Stanla w log[KLD] log[EMD]

1. Perfect results are further from simulated model + larger error bars
2. 10% contamination borders the simulated model
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mu

6. Results: Hubble diagram

475 4
45.0 4
425 4
40.0 4
= 375 1
37.5 - DDF = WFD
—_— NCDM — NCDM
i duci 35.0
350 A Fiducial SN-I1'1
SN-Il'1 # SN-lbcl
25 # SN-lbcl 325 m SN-lax1
) m SN-lax1 ® SN-la-91bg1l
@ SN-Ia-91bg0.2 AGN 1
0.0 CART 0.9 0y CART 0.3
AGN 0.1 v TDEO4
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Summary

Classification metrics not necessarily follow
impact on final scientific results
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Summary

i
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> |\

Classification metrics not necessarily follow
impact on final scientific results

For SN Ia cosmology: the class of the
contaminants matters

We should aim for classifiers specifically
designed for the science question at hand

The full posteri analysis will be part of the
cosmology metric of RESSPECT
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Recommendation System for
Spectroscopic Follow-up -- RESSPECT

Cosmology results
from photometrically
classified SN 1A

Trained

¢ Photo-classified —— SN — machine
SN la candidates learning

classifier

\ 2. To improve this! I

learning
algorithm

+

Training
sample




The RESSPECT pipeline

Classified Data

Train - - Classifier - Classify >
’ p(class)
Telescope
resources
Baselin oo Training Set Pool Set

e Set AL strategy
Object (s)
properties

Temporary Training Set
: 3 : Candidate
Cla;stﬁer <5 Train %+ Training Set Candidaie <+ list
Classify <@— Target set
Append o A
PP I-—> Photo-la =@ LC fitting = SRRSO —Jp Scalarization
cosmology
For first N objects in v1, repeat with labels = la and non-la...
Queried Objects <& Z‘ﬁ'ggol:lp
Le
gend Datasets Process
Models Products

\ Machine Learning Active Learning . External factor Cosmological Feedback -- -



Active Learning

Optimal classification, minimum training

Learn Machine Learning
a model Model

Unlabeled Pool

Labeled Pool

Annotator

(Human or Machine)
Select

queries

24




/. Posteriors: DDF

PDF (w~1)

PDF (w~1)

301

201

101

301

201

101

DDF
—— AGN ——— SN-Il ——— SN-Il
—— CART <1%] —— SN-lax 1% —— sN-lax 2%
—— SN-la-91bg —— SN-Ibc — SN-Ibc
——— SN-Il —— SN-Il ——— SN-Il
—— SN-lax 5%/ —— SN-lax 10% 25%
—— SN-Ibc
2.3 1.1 -1.0 -1.2 =1.1 -1.0 -1.2 1.1 -1.0
w w w
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/. Posteriors: WED

WFD
—— CART —— AGN —— AGN
—— TDE <1%| —— SN-II 1% —— SN-II 2%
30 - SN-la-91bg SN-la-91bg
. —— SN-lax —— SN-lax
T —— SN-Ibc —— SN-Ibc
g 2\
= 20+
L
o)
o
10
—— AGN —— SN-II —— SN-II
—— SN-II 5% —— SN-lax 10% —— sN-lax 25%
304 SN-la-91bg —— SN-Ibc
. —— SN-lax
Tg —— SN-Ibc
= 20+
L
a)
o
10
J /

2.3 1.2 1.1 -1.0 1.2 . -1.0
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6. Metrics comparison

14

12

10

log[KLD]

K

o

DDF

WFD

0.12
0.10
0.08
[a)
UZJ 0.06
0.04

0.02

0.00

K

DDF

8-

WFD

0.3

0.5 0.6 0.7 0.8
fom3

0.9 1.00.3

0.4

0.5

0.6

0.7
fom3

0.8

0.9 1.0

Fducial
Random
SN-1l 28
SN-II 25
SN-11 10
SN-II 5
SN-II 2
SN-II 1
SN-lbc 1¢
SN-lbc 5
SN-lbc 2
SN-lbc 1
SN-lax 2¢
SN-lax 1(
SN-lax 5
SN-lax 2
SN-lax 1
SN-la-91!
SN-1a-91|
SN-1a-911|
AGN 5
AGN 2
AGN 1
TDE 0.4
CART 0.3
SN-lax 1¢
CART 0.9
SN-1a-911|
AGN 0.1



Stan model

Physical Constants:
Hy, = 70 km/s/Mpc
¢ =3x10° km/s
Model relationships:
1

E(z) = f 3 7 \3(w+1)
0 \/Q,,,(l +z) + (1 Q,,,)(l +2)

pu(2) = 25 + S logy,

.
7 (i &)E(Z)]

Priors:

Q,, ~ U(0.299,0.301)
w~ N(-1,0.2)
Likelihood:

H~ N(.uﬂhﬂczzrr)






