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Astronomy In the 21st century:
Drowning In data, Starving for knowledge
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The Big Picture



AsTronomy began In 19649, the CCD
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An illustrative example:

SDSS - Sloan Digital Sky Survey

1992 - 2000: planning
1992 2001 - 2009: observing
2.5 Terapixels of images 2.5m mivror p& .

10 TB of raw data New Hlexico, VsA
0.5 TB catalogs




An illustrative example:

SDSS - Sloan Digital Sky Survey

1992 - 2000: planning
1992 2001 - 2009: observing
2.5 Terapixels of images 2.5m mirror B

10 TB of raw data New Hlexico, UsA
0.5 TB catalogs

W2 How to deliver 0.5 TB of
8T < | useful data to all users?

A. Szalay, https://www.youtube.com/watch?v=FlcdG4hUn1Q



An illustrative example:

SDSS - Sloan Digital Sky Survey

1992 - 2000: planning

1992 2001 — 2004: observing

2.5 Terapixels of images 2.5m mirvor BRe

10 TB of raw data New Mexico, vsA
0.5 TB catalogs

2009

5 Tpx of images BOLD

120TB processed data | THING
35TB catalogs

GRAND

by Ann K. Finkbeiner, 2012

A. Szalay, https://www.youtube.com/watch?v=FlcdG4hUn1Q



Case study:

Photometric Redshifts



Redshifts (z) < Distances
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Photometric Redshifts

Spectra are expensive!



Photometric Redshifts

Alternative measurement
300 dim -5 dim
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Photometric Redshifts

Alternative measurement
300dim -5 dim
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Photometric Redshifts

Alternative measurement
300dim -5 dim
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Photo-z: a regression problem

U-g
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1.03
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I-Z
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Photo-z: a regression problem
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Photo-z: a regression problem

---  MODEL
« TRAINING (SPEC

-
™
E i
g g
I -
L] F‘l'
s 5 l-‘l
T < —

REDSHIFT
e

=
L '-l ‘
.-.: "-,*1{";
P
t - !l"
LT ]
o -':i; -I.{-' = 1I-:-_

U-DIM COLOR :



Photo-z: a regression problem
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Photo-z: a regression problem

---  MODEL
*+ TEST (PHOTO?
&=
e IF
I
%
Oy
ﬁ . i
“th=
-i_tl} -1:7..-.- lllT.ll -—III-I—HI-.. .I-Il--IT---H 1---..

b5

4-DIM COLOR



Photo-z: a regression problem
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Photo-z: methods

- Template
~ fitting
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Learning




Photo-z: methods
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Photo-z: Artificial Neural Networks

Used in astronomy since 1490°s
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Plot by Rafael S. de Souza



Photo-z: Artificial Neural Networks
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Photo-z: Nearest Neighbors
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Photo-z: Nearest Neighbors
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Photo-z: Symbolic Regression

@ collect experimental

data from physical system
{e.g. pendulum time series)

f=z+9.8-sin(x)
=05y —9.8-cos(x)

© wnen predictive ability
reaches sufficient
accuracy, return the most
parsimonious equations
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Photo-z: Symbolic Regression
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Photo-z: Generalized Linear Models

rms(Az) ~ 0.034
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From COIN Residence Program #1.
Elliot et al. (incl. Ishida), Astronomy & Computing, 10 (2015)



Photo-z: Generalized Linear Models

rms(Az) ~ 0.034
More on GLMs
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https://github.com/RafaelSdeSouza/ADA8

Photo-z: Local Linear Regression

Supervised Learming

Unsupervised Learming

NearesT neighbors




Photo-z: Local Linear Regression
Otficial sDSS Dr12 Photoz method
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Beck et al., MNRAS 460 (2016)



Summary of results:




Challenges
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The guest for representativeness
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Domain Adaptation

Define boundaries

Source clusters
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Teddy catalogue

Probing the effect of coverage

A /B follow SDSS spec distribution

B is completely representative of A

C has the same coverage but slightly different shape

D has a wider domain in r-mag and color (no coverage)
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Teddy catalogue

Probing the effect of coverage

A /B follow SDSS spec distribution
B is completely representative of A

C has the same coverage but slightly different shape
D has a wider domain in r-mag and color (no coverage)
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Happy catalogue

The effect of coverage + photometric errors
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Happy

Happy catalogue

The effect of coverage + photometric errors

representative same data quality realistic
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The Big Picture

(data perspective)



How are spectroscopic sets constructed?

Take specira for learning and determine everything else

COIN
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Alternative approach
Landmark selection + Active Learning




Alternative approach
Landmark selection + Active Learning
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Take home message



Astronomy has
evolved ..

W L
.There is sTill a
long way 1o qo

Astronomers won't

. The REAL goal is HUMAN learning
do it alone »
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