MY DAL —
INES A NI KON AN ES

or 1oYW ollr NoElor Of
sistrorlorlezl] discovary 13
arzirgloe flgre 11oYy)

L

Agnieszka Pollo

NCBJ + OA UJ, Poland



Physics and astronomy and areas of great discovery
potential also today.

During our lifetimes we already moved to live in
another Universe...



Negative Curvature Models: & = -1, £2; = 0 (infinite space)

Flat Models: & = (0, £}, = 0 (infinite space)

Positive Curvature Models: & = 1, £2; < 0, (finite space)
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However...

- Almost 27% of the total matter-
energy budget of this

new Universe is Dark Matter
SR 0%%  and we do not know what it is

- More than 68% is Dark Energy

whose nature we understand
even less

- Less that 5% is supposed to be
“baryonic matter” of the type

we know and understand but...

Dark Energy 68.3%



...actually, in the present day Universe we have a problem
___Missing baryons;
stars and ISM contain only 10% of all baryons, and only 40% of
all expected baryonic matter can be detected at all
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In the same time, our main source of information about the Universe are
galaxy/QSO/star catalogs — showing at most 10% of less than 5% of the actual content
of the Universe...

10* SRR SRR R L e .= B I I I I I |
= . VWDS-Bgep =
— @l.if- —| [Em— - — 10°
0 i, B = :
1F1Fj'.'h.id‘:-:' @ W VIFERS =] e zoFGRS N
o [ LBG-23 TCD yvps-wins N _  PRIMUS VIPERS
8 10°E mifest  guces s = . —= 10°
= E T . WS hoaua = =
= ™y A : F— - ]
- - () ...IJ.-I.-'.III:I.. A FL-:_: = . E
8 e b vvos—Lae W NESE ':Il,. = - o
@ 10 = e W ZSLAC:LRG = I -
z - : W LChy = = 10° ¢
s [ I : ] 4 =
S e . =c m WeoFGs ]
= — "4 “a —
B ", moDubs oty T — 10°
10° - 'E-H::. - ) _E =
= sath m I' .= - =
: Patz 11 Vi DS—LAE —
S A 1 T T 117 |||||1|I RETTT | | %m?
101 10° 10° 104 108 10 10 D 1 2 3 4 o5 B
Area (deg’ Credit: Olivier [F6¥Fe&Vre, after Ivan Baldry

(Messenger 2014)

Hpes



SDSS: z ~ 0; Present day state of art spectroscopic
1.3 min galaxies galaxy surveys
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But now, we are expecting
an avalanche
of new data

SDSS: ~115 TB in total
Zwicky Transient Facility (ZTF; start
2017)

1 PB of image data ~1 billion
objects

Large Synoptic Survey Telescope
&Essf’; et Night =2020): 30TB
ER NIGHT SKA; South Africa

The Square Kilometer Array (SKA)
~4.06 Zettabytes

Credit: A. Solarz 2018



Wide-field Infrared Survey Explorer
(WISE)

Presently the largest and the deepest — perfect for testing
efficient methods of fast and effective search for discoveries

All-Sky survey in IR WISE: -» novel/anomalous sources

Detected over 747 min have to be lurking here
sources

(15 PB of data; tables +

images)

Publicly available
(positions, photometr
in 4 bands 3.6-22 um

Low angular resolution
(~6”)

No redshift information
so far

Credit: A. Solarz 2018



Popular machine learning tool for supervised

classification: Suport Vector Machines
Basic idea: to move from classifications based on very limited
number of parameters (like color-color plots or line-to-line
ratio or sth. similar) to the feature space built from a larger
number of parameters

g:is e "'_“';u L n S { Q'il
O Fur T e D
- e @ 0 | ¢ ™
N l0100 2 lCIV’S /s 1|0“ 10! 10’13072 10|"S s 16" 10! ’ —
M‘ 85, 90 85, 90 /// / ‘ &
(-U 10t T T 10* T d / . // .
10 s 1 10%f V4 4 Y,
'H 2 : 1 2l »/ -"f ‘I| / 4 N
m . ' | // ,...,--"'—J IL / r O
fng a0 rr? [. R— A |/. . S,
| : ol
O | ' Input space Feature space
Ry S

3
1072 10° 10!

uuuuu
.

Ob{ectﬁs“ poorlc)lz separated in the two parameter space can get
well separated in a multi parameter space, and the problem is
easier to linearize.



Machine Learning based novel source
detection

In each large dataset
(especially of a type never
done before), we can
expect some sources of
previously unknown
properties — possibly a
completely new class of
sources.

An idea to search for
them: classify a dataset
into two main classes:
“known” and “out of
wi-w2 parameter space covered

by known sources”

wlmagl3

A. Solarz et al. 2017



WISE: first step towards ML novel
source detection

Training set (all what we expect):

AlIWISE x SDSS (a,6) with spectro-z (secure)
wlmagl3

W1l-W2

A. Solarz et al. 2017



WISE: accounting for unknown
unknowns

wlmagl3

A. Solarz et al. 2017



Novelty detection with One-Class
Support Vector Machines

decision boundary

xTq
© $
s % ¢
) ¢
| j'::g
Create one ° > class (mix of AIIWISE x SDSS galaxies, stars, QSOs)

Maps input data to a higher D parameter space (based on Kernel methods)
Hypersurface hugging the expected sources
Anything with ‘unknown’ patterns falls outside the hypersurface => novelties

A. Solarz et al. 2017



Results:

~650,000
anomalous
sources

What are they?

—4 —2 O 2 - 6 8
W2—-W3 [Vega mag]

A. Solarz et al. 2017



Spurious sources

W1-W2 ~ -1 ; 80%

Spitzer GLIMPSE:

IRACI1 [3.6 um], IRAC 12 [4.5 um]
Low WISE resolution (6”)

1n crowded flelds => blends

W1-W2 [Vega mag]

W2 —W3 [Vega mag]

A. Solarz et al. 2017




AGN candidates?

30,000 sources (Galactic Plane: mostly blends)

W1 [3.6 um]~ 16 [Vega mag], W3 [12 um] ~ 10 [Vega mag]
Warm dust emission/PAH emission lines

76% undetected at other wavelengths!

~7 000 objects with SDSS photometry (no spectro-z) -4 2 vsz ws [ 3 4 | 6 8
— ega mag

Unobscured? — Solarz et al. 2017
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AGN candidates?

Photo-z for ~2 700 obj (Beck+16).

SDSS + WISE photometry

Spectral Energy Distribution with CIGALE CAGALE
RESULTS: @ :
AGN component necessary to explain IR fluxes )
85% (Ultra)Luminous Infrared Galaxies

Spectroscopic surveys on 01n§ 81‘0 osals: GEMINI-
FLAMINGOS2; EFOSC2/S La Silla observatory:
time allocated!!{, ALMA next in llne)

Best model for J085347.87+144858.8 at z = 1.442. Reduced x%2=4.66
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AGN candidates
for cosmology
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Summary

B New large astronomical datasets with huge numbers
and time domain (synergy with CREDO!) will open
completely new discovery area

BEor these datasets automated machine learning-based
methods will be more and more a necessary standard

BWe need to use existing datasets to learn and be
prepared...

BBut we also need to learn a new approach to
discoveries (as our colleagues particle physicists
already did): discoveries without hand-on data work,
and sometimes with triggers only, and no real data
even available
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