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In the late eighties € observational cosmology and astrophysics were still based on the analysis of
publishedt abul ar data ¢é€.

A Young
version of me

Boris Vorontsov -
Veljaminov

Things have changed
incredibly f ast e .
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A METHODOLOGICAL SHIFT IS TAKING PLACE IN ASTRONOMY and
In SCIENCES in general

48 ' 2  The four legs of modern science

1. Experiment (ca. 3000 yrs)

2. Theory (few hundreds yrs) mathematical description,
theoretical models, analytical laws (e.g. Newton, Maxwell, etc.)

PARADIGM
3. Simulations (few tens of yrs) Complex phenomena

4. Data-Intensive science (now!!!)
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Why has astrophysics become a big data science. |

A Modern digital detectors cover large areas of the sky with high angular resolution (sampling), have

high efficiency (low exposure time) and huge data throughpuit.

VST = VLT Survey
Telescope

OmegaCam
268 MpxI1 pixel = 0.21 arcsec
f.o.v. 1/4 sq deg.
100 Ghyte of (public) raw
data/night

=
£
o
=
o
o
(42)

Multi band images
Calibration files

1/160.000 of the sky,
moderately deep (25.0inr)

55.000 detected sources
(0.75 mag above m lim)
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Detect sources and measure their attributes
(brightness, position, shapes, etc.)

BODD

8000 [

p={isophotal, petrosian, aperture

4000

magnitudes, concentration indexes, shape
parameters, etc.}
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o 2000 4000 5000 BODD Lo
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o' ={RA, " t,{/,,D/,, £, DEM, L 2 DEA™ 4/, D, £2 DEM £ 2T DF P Each object is characterized by
o2 ={RA, &4/, D7, 124 DFP, L 27, D 7 D 124, DR 2 pr 2l hundreds of heterogeneous,
complex, highly correlated

parameters

" ={RA",a" t,{/,, D/, 44, DR, g0 D ),

D=3+m3n e MOST wilAnever be
seen by any human
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Some Examples

Survey Volume Velocity | Variety
SDSS 50TB 200 GB/day | Images multiband
Sloan Digital Sky Survey catalogues, spectra
GAIA 100 TB 40 GB/day Images, catalogues, spectra LssT
3.2 Gpixels camera
PANSTARRS 5 PB 5 TB/day Images multiband,
Panoramic Survey Telescope (5 years) catalogues
and Rapid Response System
LSST 130 PB 10 TB/day Images multiband ,
Large Synoptic Survey (10 years) catalogues, multi-epoch
Telescope
SKA 37ZB 10 PB/day Radio images, multi-|
Square Kilometer Array (raw) multi-epoch
150 TB/day
(processed)
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Modern sky surveys obtain ~ 10127 10 bytes of images,
catalogs ~ 10817 10° objects (stars, galaxies, etc.),
and measure ~ 10271 103 numbers (features) for each

A Astronomy today has ~ a few PB of archived data, and generates ~ 10 TB/day
I Both data volumes and data rates grow exponentially, with a doubling
time ~ 1.5 years
I Even more important is the growth of data complexity



Peculiarities of astronomical big data problem

A Many data centers distributed over the world, with different data types and data
structures. MOST DATA BECOME ALMOST IMMEDIATELY PUBLIC

16 Member Organizations
Australia Europe Clea A Data federation (standards) and interoperability have been
; India
o EUF‘OW' completed
ASEYY vo
UK
Qrid

T

W Russia
\ ~
" ‘5 Korea

b 4
A
= ILs D |

Japan H vlg }aw okaback _

AT THE MOMENT

Every one can locate and retrieve data from the VO
with relatively simple tools

Hungary

Every one can publish his data in the VO with simple
tools

O

BUT é :
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The astronomical parameter space (OPS) has exploded not
but also in complexity

The OPS axeare defined by
the observable quantities Every observation, surveys

included, carves out a
hypervolumen the OPS

Spectrophotometric Astrometric

Domain Domain
Flux

F/&F

-
~—
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uT
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Brightness 4t baselines

Angular Newp
Resolution

Morphological Time
Domain Domain
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Martin Harwit

Pnrh-ys ﬁhpn_zon remarkable agpect of the growthin our
understanding of the universe is that we understand
anything at all. Beyond the obvious regularities of the sea-
sons, the Assyrians noted, as early as 700 BC, that the
planets appeared to move in o complex semiregular pat-
tern and that solar eclipses were possible only at the new
moon, whereas lunar eclipses occurred only at the full
moon, But what did all that tell the ancients about the
structure of the universe?

Around 250 BC, the Greek natural philosopher
Aristarchus of Samos worked out the distance of the Moon
and its sze. He proposed n method for determining Lhe
Sun’s distance, but he was able to conclude only that the
Sun was much farther away than the Moon and much
larger than Earth. That led him to postulate. 18 centurios
beftre Nicclaus Copernicus, that Earth revolves around
the Sun.!

Aristarchus’s theory was largely discredited, especially
by Claudius Ptolemaeus of Alexandrix. Prolemy’s Almogest
which appeared in about 150 AD, dominated Western as.
tronomical thought for a millennium and a half. Prolemy ar
gued that Earth could not be rotating. Rotation, he thought,
would throw anything not firmly attached off the surface,
and "animals and other weights would be lefl hanging in
the air” Moreover, Earth’s rotation would be so fast that
“never would a cloud be seen to move toward the cast.™

That sounds quaint today, but it wasn't illogical
Ptolemy was & great scientist. The first lesson in astro
physics, however, is that every cosmic phenomenon i gov-
emed by competing effects—in this case, gravity, centrifu-

forces, and friction Unless we know the order of
magnitude of each, we are likely to draw wrong conclusions

mm-n"bu f'a heliocentri

 Copernicus revived the notion of' s he! c sys-
5 l"mullinw observational confirmation.

ind for al resolution had to be puplm;!b::

Tycho was banished in 1597 from his
island observatory in Dmrkg
sought. political ref in Prague, Ke
pler followed him. ut it was not until
ycho's death that Kepler inher-

ists il iently seeking to get an

early look at the data mn‘gwnm

son Microwave Anisotropy Probe’s

mapping of the cosmic microwave background. The WMAP

data were, until just a few months ago, -

ing the publication of a full year's set of chservations.f (See

PHYSICS TODAY, April 2003, page 21,) As soon as the data

wera released, new theoretical analyses began to appear
within days on the World Wide Web.

Kepler reduced Tycho's data and arrived at his three
laws of planetary motion:

» The planets move in elliptical orbits—rather than in cir-
cles and epicycles.

» The rate at which a planct Eweeps out area within its
arbital ellipse is constant.

» The periods of the planetary orbits increase as the %
power of their semimajor axes.

The last of these findings was the first quantitative rela-
tionship between two observational parameters in astron-
omy. IL constituted what one would call a well-posed ques-
tion; Why does Kepler's third law hold?

With the advent of the astronomical spyglass in 1609
(the word telescope was not coined until the following
¥ Galileo Galilei quickly discovered an extraordinary
new set of phenomena: mountains on the Moon, moons or-
biting Jupiter, and the moonlike phases of Venus. To
Galileo, those three observations meant that Earth is just
one of the planets, all of them orbiting the Sun. For him,
that clinched the Copernican theory, The Church, however,
forbade Galileo to teach the theory and eventually confined
him to house arrest until his death in 1642,

Why did it take until the 17th century for the great
dircoveries of Kepler and Galileo to come about? Today
answer is clear. Tycho's precision instruments and the
spyglass, nvented in Holland in 1608 and, a year later, im-
proved by Galileo and pointed at the heavens, p ob-
mrv:‘tiinnnl m&:z had si ¢

thou '3 instruments gay
data cver assembled, they were il
ties of the whichean
Jupit

Why to understand the OPS is
particularly important in astronomy?

Because astronomy is based on observations
andnotex per i mamlt s é

é serendipity plays a crucial role

The history of astronomical discoveries can be
reconstructed in terms of better coverage or better
sampling of the observed parameter Space

M. Harwit, Physics Today, 2003
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1939 W A Quasara (1960) 3
1959 A X-ray stars (1962) %'3‘

1979 | ¥ Infrared stars (1965)
1999 | O Microwave background (1965)
B Superluminal sources (1979)
¥ Merger starbursts (1983)

o
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Pair-production absorption limit
Interstellar plasma absorption limit

ANGULAR RESOLUTION (radians)

M. Harwit, Physics Today,
2003

107

Age of the universe

{3 Supernova remnants (1939)
Flare stars (1949)
o B Puloars (1968)

WAVELENGTH {cm}

@ Gamma-ray bursters (1973)
@ Black hole accretion disks (1996)
A Rapid x-ray repeater ( 1996)

Where is the next methodological
and technological advance?

production absorption limit

TIME RESOLUTION (seconds)

Interstellar plasma absorption limit

1 1 1 1 1 1
1014 10-32 107 10—+ 1 104
WAVELENGTH (cm)



MOST | NTERSTI NG SCI ENCE WILL C

1. Cross-correlating data obtained at different wavelenghts

5 7 SRRSO ARGl < qf\/,f\‘
S . ll | i 2. Studying the temporal behavior of sources
af "t allibiias Wl ...

4.Looking in the OPS for higher (than 3) dimensionality pattern
and trends
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' Courtesy of S.G. Dj ki
Science Examples ourtesy o jorgovski

Combine the data from multiTB, billiorobject surveys in the
optical, IR, radio, Xay, etc.
I Precision large scale structure in the universe
I Precision structure of our Galaxy

Z Discover rare and unusual (on@-a-million or onein-a-billion)
types of sources

Z E.g., extremely distant or unusual quasars, new types of SN,
etc.

Z Counterpartsof GWemitters

Match Petascale numerical simulations of star or galaxy formation
with equally large and complex observations

e etc. , et c.



Physical, social, economic, biological laws are derived from data
patterns
f(x,y,z) =0



Physical, social, economic, biological laws are derived from data
patterns

f(x,y,z) =0
No empirical law depends on more than 3 independent
parameters !!!
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PREDICTABLE CITIES o
PV=nRT Data from 360 US metropolitan areas show that metrics such as .
wages and crime scale in the same way with population size. GRS 1915+105 Log M<2 1
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Physical, social, economic, biological laws are derived from data
patterns

f(x,y,z) =0

No empirical law depends on more than 3 independent
parameters !!!

3c 278 K o
Non-Suicide Gun Death Rates
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Absolute Magnitude

log Ly (erg s

Temperature (K)

25,000 10,000 6,000 3,000
=10~ T T T T T T
 Supergiants’ -
-5 : : {10*
of 1102 g
Giariy.s . CE)
*+5r Main Sequence 1! %
+10f f10°2
White Dwarfs - . i
+15 . w . gt
0] B A F G K M
§pectral Cl ass_
What should we do to extract
of ik patterns (i.e. laws r ordering
relationships)in a
OPS space with n>>100 ?
. * o AND HOW EASY WILL IT BE?

0.60 log Ly + 0.78 log M

2-d diagnostics 3-d diagnostics



(r-i)

Traditional way to look for
candidate QSO in 3 band
survey

2

Candidate QSOs
for spectroscopic
follow-u p 6 s

Need for Machine learning and Al

Cutoff line
L

Ambiguity
zone

A Generic Machine-Assisted Discovery Problem:
Data Mapping and a Search for Outliers

Adding one feature
improves
separationé

Probabilistic Principal Surfaces + clustering

projection on a sphere of a 21-D parameter space showing as blue

dots the candidate quasarsé

Probability densdty in Iatent space
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machine learning vs «pure» Data Driven Discovery D3
Photometric redshifts for quasars and galaxies
Aobs

1 = ~
+z 7o

alg

60 - —

w1
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Only viable way to obtain distancei n f fmiBlarge samples of galaxies

Convegno SIF, Trento 2017



Photo -z are crucial to:

[T

Studies of large scale structure

Weak lensing (hence dark matter and
dark energy distribution)

Tests of cosmological models
Galaxy evolution and mass assembly
Classification of galaxies

etc....

Surveys in which
are crucials:

DES
PANSTARRS
KiDS

VST - VOICE
EUCLID
LSST

LOFAR

EMU

21



Spectral Energy Distribution (SED) Interpolative (empirical)

template fitting methods methods

Library of M template spectra (M<100) Let f be the complex (unknown) function
which maps the input photometric
parameter space onto the redshift space:

fix = z,wherex = {xy, x5, ..., X, }
Are the input parameters, (hereafter
features )

Convolve with filter bandpasses for

a specific survey

N }!;?5%4«»,5\4"

: / Stretch templates for redshift (z)
bttvnjoh dpotubou tufqg Lj{
a0 2000 000 suno oo e wooo a0 [NEEIVAl FANGE Z iy 5 Zimax Empirical methods use a subset of the

— Zmi objects (TRAINING SET) for which the

SED(T;, Zpin + nAz),i €[1,M],n € INT[ e mm] spjectrosccgpic redshifts (or)in this case, target)

are known, to infer the mapping function

Az

Find best fitting i,j using any optimization method .
gul ganyop Performances are then evaluated on a second disjoint

Templates : either synthetic or dataset (TEST SET) for which the target is known and
observed which has not been used during the training (BLIND TEST)

But they go very deep, well beyond
the spectroscopic limit They are bounded by the spectroscopic limit



Supervised Machine Learning

Existence of a statistically significant subset for which the target value is known
Need to have a proper coverage of OPS

Input parameter space defined by a set of measured features.
Not all of them equally significant for a specific task  -> need to reduce dimensionality

Data set needs to be clean  (no missing data )

KB is split in two/three (training/test or training/validation/test) subsets.
Need to define optimal splitting (random shuffle and extraction)

Use training set to infer the best mapping function OPS -> Target
generalization capability (avoiding overfitting)

Evaluate performances on Test Set
Statistical indicators are not always unambiguous
Catastrophic outliers

Evaluate effects of errors ( we need PDFs))




A few selected resuls from a large variety of methods applied to the same data set and problem

0.81 MLPQNA 0 08 LEMON e -
; R 0.7 07t RF .

<phot

.
.

-

~phot

0.2

0.1

#

= - = . 0.0
05 06 07 08 o 01 02 03 04 05 06 0.7 08

Zspee “spec Zgpec

Cavuoti, Tortora, Brescia, Longo et al.,

- 0.8 ' ' ‘ ' MNRAS, 2016
0.8f LT P
. BPZ _},” 0.7 Le-Phare e
AT 1 -
0.6 0.0 St More or less, different ML methods are equivalent
' 0.5 PR
(no need to look for the latest fashionable method

~phot

-

€ justto produce one papermo r e)é

Room for improvement is elsewhere

)k =
0.5 06 07 08 oo 0102 03 04 05 06 0.7 08 24

EBEC S



Coverageof the observedparameterspace

U Missingor unevenspectroscopicoverage
U Peculiarobjects(different populationsresult
from different selectioncriteria)

U Howto go beyondthe spectroscopidimit

Featureselection

MissingData
U Needto handledifferently & y 2igfectiong
I Y R dbgetvgd

(Cavuotiet al. inpreparation

Evaluationof errors
U Probabilitydistribution function
U Properchoiceof statisticalindicators

Related works:

O« O« O« (@ (@ O« O« O« O« O« O«

(@]

Cavuoti S.et al. 2017 MNRAS 465 2 1959 1973
Cavuoti S.et al. 2017 MNRAS 466 2 2039 2053
D'lsanto A.et al. 2016 MNRAS 457 3 stw127 3119 3132
Masters D.et al. 2015 ApJ 813 1 53

Cavuoti S.et al. 2015 MNRAS 452 3 3100 3105
De Jong J.T.A.et al. 2015 A&A 582 A62
Cavuoti S.et al. 2015 ExpA 3914571
Tangaro S.et al. 2015 CMMM 2015 814104
Brescia M.et al. 2014 A&A 568 A126

Brescia M.et al. 2014 PASP 126 942 783 797
Brescia M.et al. 2013 ApJ 772 2 140

Cavuoti S.et al. 2012 A&A 546 A13

Convegno SIF, Trer%§2017
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MLPQNA

Id. CODE KB bias depth Radio X-AGN
Al BDNY BR DEEP N Y
B1 BDYY BR DEEP Y Y
C1 BDNN BR DEEP N N
D1 BDYN BR DEEP Y N
E1 BSNY BR SHAL N Y
F1 BSYY BR SHAL Y Y
Gl BSNN BR SHAL N N
H1 BSYN BR SHAL Y N
A2 RDNY RND DEEP N Y
B2 RDYY RND DEEP Y Y
C2 RDNN RND DEEP N N
D2 RDYN RND DEEP Y N
E2 RSNY RND SHAL N Y
F2 RSYY RND SHAL Y Y
G2 RSNN RND SHAL N N
H2 RSYN RND SHAL Y N
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Result on EMU like sample extracted from COSMOS

e | e i maerracn T s e (Salvato M. et al. 2017, in preparation)
Nt pan-m : h Sample dominated by radio loud and X ray detected AGN

B

sk = 153

16 experiments with a variety of ML and SED fitting methods

15 Z0 215 10 1§ 4 0. 5 1 15 20 15 1 3F 4D
a) - b) - c)
=
e i Id. CODE KB bias depth Radio X-AGN
of - pas e Al BDNY BR DEEP N Y
a1 et Bl BDYY BR DEEP Y Y
R 3| mam C1 BDNN BR DEEP N N
DI BDYN BR DEEP Y N
' El BSNY BR SHAL N Y
F1 BSYY BR SHAL Y Y
G1 BSNN BR SHAL N N
H1 BSYN BR SHAL Y N
A2 RDNY RND DEEP N Y
B2 RDYY RND DEEP Y Y
C2 RDNN RND  DEEP N N
D2 RDYN RND DEEP Y N
E2 RSNY RND  SHAL N Y
T (RN T FT] i 1F 4 o
- e) F2 RSYY RND SHAL Y Y
G2 RSNN RND  SHAL N N
Hz RSYN RND  SHAL Y N

Fig. 13.— Summary of the results obtained in the experiment (RDNY) with the various methods.

Table 2: Summary of the experiments. Column 1: running id; column 2: identification code; column
3: Bright (BR) or Random (RND) training set; column 4: shallowness of ancillary data; column 5:
radio fluxes used (Y) or not used (N) in training; column 6: bright X ray detected AGN included
(Y) or not included (N) in the training set. General consideration: while working on the
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Performances are estimated on the blind set. Panel a) MLPQNA. Upper plot: scatter plot of
spectrscopic redhifts for objects in th etest set against the photometric redshift estimate. Lower
plot: normalised residuals against redshifts. Panel b) same as for panel a but for RF-NA. Panel c):
Carliles. Panel e: Zinn.



Training set coverage of OPS

Masters et al., 2015, Astrop. Journal,

Exploring the parameter space using SOM
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Ly i alpha break
u-g at 2.5<z<3.0
g-r at 3<z<4

Passive and dusty
galaxies at low redshift
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How the training set populatest h Euclfiloparameter space

Poor coverage of many areas.

NOdat aé
€ NO Results

Distribution of redhifts projected
on the SOM

F1G. 3.— The SOM colored by the number of galaxies in the

overall sample associating with each color cell. The coloration is
effectively our estimate of p(C_’), or the density of galaxies as a 30
function of position in color space. Moscow, DAMDID 2017




Astroinformatics of galaxies and quasars: a new general method for photometric

PhOtO_Z for redshifts estimation, O. Laurino, R. D'Abrusco, G. Longo, and G. Riccio,

Quasars: MNRAS, 2011, 418, 2165 (arXiv/1107.3160);
WGE: Weak Gated Expert

Data from the unresolved objects SDSS catalogue

Photometric redshifts: the method

Fuzzy K-means

PS clustering clustering

IR LU P & SOy . Neural
‘ ’ ' ¥ S AN
Experts A AR T LY KO Networks

/ Experts

Neural Network
(different architecture)

‘Gating Expert’
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Zphot

Optical bands only Optical + UV bands
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per panel, it is shown the scatter plot of the spectroscopic versus photometric redshifts evaluated with the WGE method for the members
seriment for the quasars extracted from the SDSS catalogue with optical photometry. while in the lower panel the scatier plot of the
Uzigec versus Az variable is shown for the same sources. All points are colour coded according to the value of the errors o7, as evaluated
crtical dashed lines represent the redshift at which the most luminous emission lines characterizing quasars spectra shift off the SDSS
1 10 redshift, Most of the features of the plot are associated to one or more of these lines.

1.st lesson: Additional Info are always needed to understand systematics

Ex. Position of emission lines relative to filter bands

32

Moscow, DAMDID 2017



Second method on same OBJECTS: MLPQNA

Survey Bands Name of feature Synthetic decription Parameter space more complex and need for
GALEX v, furv mag, magiso Near and Far UV tatal and sophotal mags Feature selection
mag-Aper_] mag Aper_? mag- Aper_3 phot. through 3, 4.5 and 7.5 arcsec apertures
mag.aute and krooradines magnitudes and Kron radius in units of A o B
B0ER u, g, T i pafMag PSF fitking magnitudes in the u g, r, i, z bands.
UKIDSES Y, LHEK PaiMag PSF fitting magnitude in ¥, J,H, K bands
Aperbagd, AperMagd, AperMagt aperture photometry through 2, 2.8 & 5.7" M
circular aperture in each band N " ~ . ! )
HallMag, Petrablag Calibrated magnitude within circular Brescia, S. Cavuoti, R.D 6 A b r,&A.sMerourio, G. Longo, 2013, ApJ,
aperture r_hall and Petrosian magnitoude
in ¥, I, H, K bands 772, 140 (astro-ph: )

WISE W1, W2, Wi, W4 Wilmpro, W2mpre, Wimpre, Wimpre  WI: 3.4 pm and 6.1 angular resclution;
W2: 4.6 pm and 84" angular resclution;
W3 12 pm and 6.5" angular resolution;
Wd: 22 pm and 12" angular resolution.
Magnitudes measured with profile ftting photometsy
at the 855 level. Brightness upper limit if the fuc
measurement has SNH« 2

s0E5 - y— Spectroscopic redshift

Table 6. Catastrophic outliers evaluation and comparison between the residual
Tedean| A Znorm ) and NMAD(Az o). The reported number of ohjects, for each
cross-matched catalog, is referred to the test sets only. Catastrophic outliers are defined as
objects where |Az | = 20 (Azm ). The standard deviation oggn(Azparm) 18 calculated
after having removed the catastrophic outliers, i.e. on the data sample for which

| & znorm| = 20 (Aznorm )

Exp n obj. @ [ATmeem] T catas. outliers  Cocan (BAZmorm) NMAD (AzZnorm)
2-nd lesson:

. . anEs 41431 0.15 .53 o0z 0058
Adding more parameters may improve 3065 + GALEX 1778 .11 457 045 0043
performances é but.é S0E5+ UKIDES 124348 011 3.82 D41 0040

SDE5+GALEX+UKIDES S D087 3.08 [iXE ] 0.052
S0E5+ CALEX+UKIDSS+WISE 5714 0.089 288 0L0as 0.029
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http://adsabs.harvard.edu/abs/2013ApJ...772..140B
http://arxiv.org/abs/1305.5641

Table 4. Comparison among the performances of the different references. MLPONA is
related to our experiments, based on a four-layers network, trained on the mixed (colors
reference magnitudes) datasets. In some cases the comparison references are not reported,
due to the missing statistics. Column 1: reference; columns 2-6, respectively: bias, standard

deviation, MAD, RMS and NMAD calculated on Aznorm = (Zopee — Zphat) /(1 + Zopec)
related to the test sets. For the definition of the parameters and for discussion see text.

Exp BIAS(Aznorm) o{AZnorm) MAD{A:z 1 RMSiAzneem) NMAD{Azrm)
Snss
MLPQNA 0.0a2 015 D038 0.17 D.058
Lawring et al. 0.095 018 0.041 0.19 -
Ball et al. 0.5 013 - -
Richards et al. @115 0.28

SD8S + GALEX

MLPOQNA 0.012 011 o= 011 D043
Laurino et al. LG8 029 0.0z 011 -
Ball et al. 0.06 0.1z -
Richards et al. 0071 018

SDSE + UKIDSS

MLPONA 0008 011 0027 011 0.040

SDES + GALEX + UKIDSS

MLPONA 0005 D087 Doz 0.083 0032

SDSS + GALEX + UKIDSS + WISE

MLPONA 000k 0.0689 0.0 0.069 D029

Table 5. Comparison in terms of outliers percentages among the different references. In

some cases the comparison references are not reported, due to the missing statistics.
Column 1: reference; Column 2-3 are fractions of outliers at different o based on
Az = (Zgpee — Zphoe); Column 4-5 are the fractions of outliers at different & based on

(I + Zapee). The column 4 reports our catastrophic outliers,
defined as |Az | > 20(Aznprm)-

—\l-'-n:nn ' :Lpar. - :phnt ) J

Exp Onatliers (|Az]) Oatliers (| Aznorm|)
= 2o{Az) = Aoz = 20{AZnorm] = do{Aznorm)
BDES
MLPONA T.88 0.338 653 1.24
Bovy et al. 0.51

SD8S + GALEX

MLPONA 1E8 161 LET 1.37
Bovy et al. 1.58

5038 + UKIDSS

MLPONA L.00 1T 382 138
Bovy et al. 192
SDSE + GALEX + UKIDSS
MLPONA 258 147 3.05 023
Bovy et al. 113
SDSE + GALEX + UKIDSS + WISE
MLPONA LAT 0BT 1.88 0.91

Different Machine Learning methods of different complexity (MLPQNA is simpler
than WGE) lead to similar results with a slight edge for MLPQNA
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FEATURE SELECTION

Finding optimal number and combination of parameters for a given task

Increasing the number of parameters means that the density of training points (examples) decreases

This leads to a loss in interpolation capabilities a) 1D - 4 regions

20 b) 2D - 16 regions c) 3D - 64 regions

At the same time the
of dimension d and with radius 0.5
can be calculated as:

/2

———0.57
Lz +1)

V(d) =

® @ 090 @O0 OW WD

LN

Figure shows how the volume of this hypersphere ©oor e

changes when the dimensionality increases:

The performance changes when the dimensionality increases, we
have a peak and then a decrease, this leads to the importance of a
Jfeasalectioni

20

Classifier performance

o+ 7777
0 Dimensionality (number of features)
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https://en.wikipedia.org/wiki/Volume_of_an_n-ball

Brute Force Approach

NMAD

Magnitudes o Radii Ellipticities
pstMag v’ devRad devAB
modelMag v’ expRad expAB
petroMag v’ petroRad
devMag v’ petroR50
expMag v’ petroR90
extinction
Number of Param: 25 +25 25 25 10
Kind of features 1225 Difference 300 Composition 300 Difference 45 Difference
1225 Average 600 Ratio 90 Ratio
245 Ratio
Number of Features 4950 325 925 145
' «+. RMS
0.19 ,
' -+. NMAD 0.25
«+« classic features
0.14 . )
0.20=
e
t
0.09 ' . . 0.15
. * ' ! ' .
0.04 T T T T T A e Wb W 0,10

[]
1 2 3 4 5 6 7 8 9
Number of Features

I3-16]

[5-8].[12-18] 17.2122[10,13

1-419 17.18

7 uro/r etro
Nﬁ 16122

lpsf-lpelro /

gmodv.ll"rr )

/2127

1,[3-5].12

/ ipsf‘/ imodelj,/\‘ ipsf/iexp

 Lost/imodel

jmzz]
{ ldev/ lpst ) st/igw
ﬁ)zo & '\VLI-S]
_pJ/ngds.l ) 1718 ‘ imodel/ipsf )

1920

Lﬂ‘ Zmodel
19-22]
21,22

20

14]
/\ Sqrt(l'modeIErr +gexpErr) 7/

220

11,15 |8 19 Zmodel/ /|\ t

77 Sqrt(rlnodclrn +gdul I )

gpi/_ﬂﬁ )

17-20]

Tdev/Tpsf Ips-ldev ”
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Feature selectt@xample on LSST simulation:

Feature Selection with phiLAB (rejected i and z magnitudes)

TEST on 8,864 objects Comparison between 11

Statistics 11-features 9-features
bias -0.002028 -0.002427
¥ 0.050 0.049

NMAD

0.023

0.022

d>0. 15

) 2.12%

2.12%

d>210

4.42%

4.41%

Co

68

0.026

0.025

-feature and 9
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Photometricr e d s h

f t sséf oar

(from K. Polsterer, Heidelberg, 2015)

One does not know a-priori which features are the most relevant

ddpiﬂie@@approach

(n-r)rt r)'r'

Use all 55 significant photometric features to select the most significant 4

0.45]

0.40

Root Mean Square

0.30]

0.15 0.20
ian Absolute Deviation

Laurino et al.
Traditional feature selection

z Estimated

prediction quality k=7

270

240

210

180

150

120

90

60

30

z Spectroscopic

= 341,055 combinations

Best combination

umodel I gmodel

gpsf'rmodel
Z

psf'rmodel
psf'zmodel

Results comparable to Brescia et al.
2014
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Photometric redshifts for SDSS QSO (From K. Polsterer)

PSF, Petrosian, Total magnitudes + extinction + errors ¢ . . 58 &1t u.lLet isséind the best combination of 10, 11, 12 e t cusing FEATURE
ADDITION

For just 10 features é .. 1,197,308,441,345,108,200,000 combinations

error diagram k=7 prediction quality k=7

) us-g9g
03 — MDAz, ' o e You hit a plateau at 10 bt Sper
— RMSAZ,,, 5 features. : -
" dered (2, )- dered (i, )
030 ,
- Accuracy twice better dered (gpSf )_ dered (rmOd )l

0.25 Level achieved with

human biases in These 10 features do

»'dered (s ) dered(z,,,)

- feature selection not make sense to an 2 2
! 75 S -5,
astronomer Gpetr model
[ | .
015} " 60 dered (rmod )- dered (I mod)
1 \ g -1
\ Level achieved by 45 psf ~ ' petr
010} | .
\ machines alone (D3
\ ©) » dered (zpsf ) dered (rpetr)

L L\ I -
0.05 '\\ gmod gpetr

B PPN
s?2 _g2
0 Gpetr I petr

5 10 15 2
number of features
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upsf - gpetr

dered (z,; )- dered (i, )
dered (g, )- dered (foq )
dered (rpsf ) dered (Z,o5)

32 2

Oper " ogel
dered (r,o, )- dered (i)

g - 1

dered (zpSf ) dered (rIOetr )
Omod ~ gpetr

s? -5°?

Ypetr M petr

petr

Afterwards € astronomers may find
explanations é . (Capak, private comm.)

Filter leaks, et c é

Lesson to be learned

Features which carry most of the information are not those
usually selected by the astronomer on the basis of his/her
personale x peri enceeéeé

Let the data speak for themselves ?
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Feature Selection

Behind the concept of Feature Selection, there is the property of feature importance and relevance in the context of a parameter space used
to approach any prediction/classification task with machine learning methodology.

The importance of a feature is the relevance of its informative contribution to the solution of a learning problem.

An effective FS should avoid the time-consuming exhaustive exploration of the parameter space and should take into account what is known
about its features, i.e. their variability in the given knowledge base domain, not forgetting to take care of the curse of dimensionality problem.

We have designed a FS method (Brescia et al., in prep.), based on a combination of Random Forest, Logistic Regression and L,-norm
regularization, able to overcome known statistical limitations of importance obtained by Random Forest, and by exploiting the virtuous
regression control mechanism induced by the regularization concept, as already positively experimented in the learning rule of our MLPQNA
neural network method (Brescia et al. 2013, ApJ 772, 2, 140).

We started to validate such method in some astrophysical contexts, resulting highly promising, for example, in the star forming evolutionary

classification problem (see talk of S. Molinari, presented yesterday) and currently under test in the COSMOS galaxy photo-z and multi-survey
(from UV to NIR) quasar photo-z prediction use cases.
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PDFs

1) evaluate photometric error distributions;

2) assess the correlation between spectroscopic and
photometric errors;

3) disentangle photometric uncertainties from those
intrinsic to the method itself.

Source PDFs contain more information than simple
redshift estimates. PDFAs
of cosmological measurements (Mandelbaum et al. 2008
2015).

Many PDF methods for ML have been developed over the
past years, mostly based on:

0 Supervised methods (ANN, RF, MLP, used both as
regressors and classifiers)

0 Unsupervised methods (SOMs, random atlas)

ar €

PDF

0.30 = LaPhare
0.28 = MLFQNA
026 -t

B o
=3

004
o0z
]

0 01 0203040506 07 0809 L0

t4

Rau et al. 2015, MNRAS, 452

0.50

0.40
0.35
0.30

"

Box
0.20
0.15%
0.10
0.05

o L
0 01 020304050607 0809 10

= LePhare
= MLPONA
L

L

Carrasco & Brunner 2013, MNRAS, 442

Bonnet 2013, MNRAS, 449

Sadeh et al. 2015, arXiv:1507.00490
Speagle et al. 2015, arXiv:1510.08073
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I\/IETAPhoR Workflow

INPUT: the KB (train + test sets), the photo -z binning step B (by
default 0.01) and the zspec Region of Interest (Rol) [Z i+ Znaxls

ot o o e g g

1. Produce N photometric perturbations, thus obtaining N additional

test sets;
Esplit 1
2. Perform 1 training (or N +1 trainings) and N +1 tests; i H “"i"“gﬁl;“_'!“;"'“ /
E Applynnisetn]_

3. Derive: number of photo -z bins (Z,,.x-Zi,)/B; N+1 photo -z
estimations; the number of photo -z G; [Z;,Z.g];

4. Calculate the probability that a photo -z belongs to all given bins:
PDF(phOtO'Z) = (P(Zw p h-p ¢ ZprB) = CB,i/N'HI-) [Zmin,Zmax] ;

Merging zphot
featuresto
testsets

Table handling
Far plots

~ 43
MOSCOW DAMDID 2017 |
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Photometry perturbation

The photometry perturbation law is
m=my+ $FZU g5 9

5; user selected multiplicative constant (useful in case of
multi -survey photometry) ;
U( Lo-5 1) F@andom value from standard normal distribution ;

F; bimodal function (a constant function + polynomial
fitting of mean mag errors on the binned bands).

The constant function is a threshold under which the
polynomial function is considered too low to provide a
significant noise contribution to the perturbation .

On the right, an example of the bimodal function for the i
band (KiDSDR3 photo-z catalogue, de Jonget al. 2017, A&A).

Catalogues

- Catalogue | Apply -
[aus s-match prescriptions G:::N“Q
\
e Photo Error
£ Estimation
Q —yes
Random yes.
shuffie
Sspin
\ ﬂ ‘ 1
Noising polynomial
coefficents
Applynoiseto |

T T R T R TR R T n443

=
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Cooperation between SED and ML method

1. Derive traditional
with all methods ;

2. Use Le Phare bounded with
spec-z A sto obtain a
reference classification ;

3. Use Le Phare bounded with

photo -z A 40 perform a
series of classifications ;

4. Identify the best
classification using as

ground truth the reference
classification (step 2);

5. Perform a photo -z
regression by  training
MLPQNA on  separated

subsets specific for each
class;

6. Recombine the output .

photo -z A's

Le Phare Reference
classifier classification
LePhare |
photo-z
MLPQNA N Le Phare
photo-z classifier
LEMON \
phOtO-Z BESt
classification
RF
phota-z
BPZ
photo-z

MLPQNA

]
1
—~—
]
!

E/SO
photo-z

Sab
photo-z

Sed
photo-z

SB

ey g P ey S

photo-z

[ LTTLI

| new
hoto-z

The proposed workflow, involving
different methods by mixing in a
single collaborative framework SED

fitting and machine learning
models, is able to improve the
photo -z prediction accuracy by
~10%.

(KiDSDR2 data)
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An application to KiDS (Kilo Degree Survey- KiDS)

0.9

* MLPQNA TEST
outliers > 0.15

7

method bias bias O¢g NMAD outliers %
|Az| |Az/(1+42)] | Azf(1+z) | Az/(1+z) | |Az/(1+2)|>0.15

MLPQNA | 0.00010 0.00088 0.021 0.021 0.40

from PDF | 0.0086 0.0063 0.022 0.021 0.39

Table 2 — Statistics on blind test set for the photo-z estimates with MLPQNA, before and after PDF calculation

o 0.0§ 010 0.15 0.20 0.25 0.30 0.35 0.40 045 050 0.55 0.60 0.65 070 075 0.80 085 0.90

Figure 3 — MLPQNA based photo-z VS zspec plot for the bli::lﬁtzst set. Green lines are referred to the outl " fqu
(@0.15). " I l
o fysis the integral of the stacked PDF within the interval (in units of z) -0.05, +0.05) =92.8% / 1&
v fysistheintegral of the stacked PDF within the interval (in units of ) [-0.15, +0.15]" = 99.6% jr I
o <lz>isthe bias of the stacked PDF weighted on it frequency’ = 0.0014 j{ ‘f-w
a00 ‘ )
k E 7 lFigur;t; - Dis;r;butio;l; of Az;l;lu)?::ﬁ:e ph-ctn-z n;tainedlhy MLPlQNA. | | 46
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O0Driven by the new generation of large digital synoptic sky
surveys, leading to LSST, SKA, etc.

® G. Djorgovsky
Astronomy In the Time DOE

3Enabled by the IT revolution; a qualitative change

ORich phenomenology, from the Solar system to
cosmology and extreme relativistic physics

3For some phenomena, time domain information is a key
to the physical understanding

Static _ Dynamic sky
Sources _ Events

OReaktime discovery in massive data streamsposes new
challenges for knowledge discovery

Synoptic, panoramic surveys event discovery
Rapid follow-up and multi-l y keys to understanding



A Collaboration with a search for
nearEarth asteroids at UA/LP
we discover astrophysical w. ‘\\1

transients in their data stream ; A
A 3 telescopes in AZ, Australia [

A=

A About 11,000 unique, strong transients to date, published
electronically in the real time

A > 80% of the sky covered ~ 303500 times over ~ 8+ years

A Open data policy:all data are made public immediately



® G. Djorgovsky

CRTS Sky Coverage (as of Aug. 2011)

B

T =] e il = ) L CREY

W

Total = 33,000 deg? = 82% of the entire sky (more than any other survey)
Limiting mags ~ 19 — 21 per pass. Image coadds reach » ~ 24 mag
Time baselines from 10 min to ~ 8 7ears (and growing)



Date (MJD)

P=0.696135

P=0.331798

CSS_J041542.9-073818

Flare star (UV Ceti)

o WA

53750 54000 54250 54500 54750 55000 55250 55500 55750
Date (MJD)

CSS_J225357.7+160854

Date (MJD)



® G. Djorgovsky

4
‘ 155}
16.0}

SNe |

H
16.5 ‘

BlazaréAGN

€.

GRB 3!

s ]
LRI , afterglows
& ]
¢ ¢ ¢ 2175 £
Lot (gg*# +§§ ! 5 : ‘ﬁ §g§ ip
;’ ﬁi*' ? +:+ : ’ 6
175¢ i # 185 +
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' ' CVs | | Flare 1}‘"4‘ oy
17 ] 135
o ! | stars
§ ? ! ;. 5145 E‘
lgt * 4 z 15.0 13 o
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ﬁ : I ﬂ mﬁtﬁ TR TPy occultations ?

Date MJD - 53249 (2004-09-01)
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® G. Djorgovsky

CRTS Transients as of the Early Nov. 2015

Survey AllOT SNe CVs Blazars Ast/FIr CV/SN? AGN Other

css 4967 | 1529 | 916 | 256 | 346 | 545 615 | 851
MLS 5227 | 788 | 101 | 108 | 295 | 846 2437 | 868
sss  |e97 | 105 |254 |18 |12 | 109 33 | 171
SNhunt | 197 | 197 |0 0 0 0 0 |o

2619 | 1271 | 378 | 653 | 1500 3085 | 1890

OThreshold set deliberately very high(~1 z 2 mag, >54a), so
only the most dramatic transients are pulled out in the real
time

O0About 1 strong transient per 10 © source detections

O0The rate of all statistically significant transients is at least an
order of magnitude higher; available for an archival study



® G. Djorgovsky

Automated Classification of Transients

CSS090429:135125-075714  CSS090430:095623-093615  CSS090426:074240+544425

_ Flare star Dwarf Nova Blazar, 2EG J0744+5438
’ ‘ : Lk o 4 ' LAk e ' \
. ’
™ ‘. . E ‘
-
—
S i
. . L] ” " g
. ’ . '.'.B » ‘
’ ok, - -
r - .' L ® ,..

Vastly diﬁerent physical phenomena, and yét they Igdlsgﬁe!Which
ones are the most interesting and worthy of follgy®

Rapid, automated transient classification is a critical need!
(especially as the discovery rates increase by orders of magnitude)



e PeEyent ClassificatiorHara Problem -

A Physical classification of transient events is essential for t"""" \/
astrophysical interpretation and uses o

I Must be done in real time and iterated dynamically

A Human classification is already unsustainable, and will not %
scale to thé’etascalelata streams

A This ishard:

I Data are sparse and heterogeneous: feature vector
approaches are limited; Bayesian approaches work

I Completeness vs. contamination

i Follow-up resources are expensive and/or limited: follow @
only the most interesting objects '

Y Need automated decisions for follayp

1 Traditional DP pipelines do not capture a lot of the relevant
contextual information, prior/expert knowledge, etc.




® G. Djorgovsky

Phenomenology

A Variety of Methods

OBayesian Networks
3Can incorporate heterogeneous and/or missing data

3Can incorporate contextual data, e.g., distance to the nearest star or gala

OProbabilistic Structure Functions

SHONE®

Incidental Colors Other observed

3A new met hod, WaGnpditributions2 D [ O parameters parameters

3Now expanding to data point triplets: ~ C;,, Omy,, O,5, ON,5, giving a 4D
histogram

ORandom Forests

A magnitude

3Ensembles of Decision Trees
OFeature Selection Strategies
30ptimizing classifiers

OMachine -Assisted Discovery



® G. Djorgovsky

From Light Curves to Feature Vectors

OWe compute ~ 70 parameters and statistical measures for
each light curve: amplitudes, moments, periodicity, etc.

O0This turns heterogeneous light curves into homogeneous
feature vectors in the parameter space

OApply a variety of automated classific 4
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® G. Djorgovsk

" Optimizing Feature Selection

Rank features in the
order of classification
quality for a given
classification problem,
e.d., RRLyraevs.

WUMa RR Lyrae Eclipsing binary (W U Ma)

(Lead: C. Donalek)



