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« Overview of exoplanets

e Current limitations

» Our contribution using machine learning






Jupiter

5 AU
P~ 12 vyr
1M =19e27 kg ~ 318 Mt
0,39 AU
P=83d
NMm ~ Mt/18
Rm ~ R/2.6
Earth Neptune
1 AU 30 AU
P =3065,25d P~ 165 yr
1 Mt =5,9e24 kg T Mn ~ 17 Mt
1 Rt=06371km 1 RN~ 3,8Rt
Sun

1 Ms = 1.988e30 kg ~ 1000 M|
1 Rs = 695 700 km ~ 10 Ry
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Some guestions

What kind.of. planets are possible®?

How common are planetary systems?

How common is the Solar System®? And Earth”
What are planets made of?

What are there atmospheres like”

What can we learn about their formation and
evolution by studying the architecture of systems”?

How do formation and evolution depend on stellar
Darameters?

Are we alone”?

G.Hudepohl (atacamaphoto.com)/ESO



known exoplanets

according to NASA Exoplanet Archive (on April 25 2021)



https://exoplanetarchive.ipac.caltech.edu/
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2 WHAT ARE EXOPLANETS MADE OF?

How Cheops will investigate the compaosition and internal structure of planets

Eesa

Giants

Rocky Gas dwarfs (?)

super Earths
Earths

Ice giants

O

Mini

Ocean
planets (?)

Neptunes
‘ Hydrogen / helium envelope
‘ Thin atmosphere
Q Ice mantle / volatile* envelope . _ , , y , , ,
_ * Planetary scientists call volatiles all chemical elements and compounds with low boiling points that are associated with a planet’s
‘ Solid core (rocks, metals] or moon'’s crust or atmosphere. These include: nitrogen, water, carbon dioxide, ammonia, hydrogen, methane and sulphur dioxide.
Super Earths Neptunes Jupiters

1 MEarth 10 MEarth 100 Mearth 300 Mearth ~ 1 MJupiter 1000 MEarth [M=mass]
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HAT-P-6b

ok Hébrard, Ehrenreich, Bouchy, et al. (2011)



November 2013
1030 exoplanets
(784 systems, 170 multiple)

[numbers from exoplanet.eu]

Timing i
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Exoplanet Detection
Methods

| Dynamical b

Microlensing

Rad velocity

Astrometry

Star accretion (?)

Colliding

‘Miscellaneousb

| Photometry ‘

Imaging

planetesimals (17?)

Radio emission

X-ray emission (1)

Protoplanetary/
debris disks

Transits

= cXisting capability

= = m 1 projected (10-20 yr)

n = planets known

decreasing dwarfs
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RV Amplitude RV Amplitude
(G2 star) (M5 star)

Jupiter 3d 140 m/s 580 m/s
Jupiter 11.9 yr 12 m/s 50 m/s

Planet Period

Neptune 3d 7.6 m/s 30 m/s
Earth 3d 44 cm/s 1.8 m/s
Earth 1 yr 9 cm/s 40 cm/s
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I he classical approach to detecting signals in RV time series

Generalised Lomb Scargle (GLS): Sort of Fourier Transform for unevenly
sampled data.
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wrie GlLS PERIODOGRINS

[he classical approach to detecting signals In RV time series

Generalised Lomb Scargle (GLS): Sort of Fourier Transform for unevenly
sampled data.
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[he classical approach to detecting signals In RV time series

Statistical significance evaluated via Null Hypothesis Significance Testing
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[he classical approach to detecting signals In RV time series

Statistical significance evaluated via Null Hypothesis Significance Testing
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[he classical approach to detecting signals In RV time series
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pEaNE | OCCURRENCE RATSS

From the HARPS survey (mass) From the Kepler mission (radius)

100d < P < 10 yr '

(Burke et al.

2015)
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Underlying Planet Occurence

50<P
o
|
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51% 0.00F B = mimee e N
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Planet Radius [Rea]

0.77 planets per star [0.49 - 1.3]

See also Youdin (2011), Howard et al.
(2012b), Farr et al. (2014), among
others

Data from Mayor et al. (2011)
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pEaNE | OCCURRENCE RATSS

From the HARPS survey (mass) From the Kepler mission (radius)

100d < P<10yr '

(Burke et al. 2015)
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Habitable Zone Differential Occurrence Rates
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L 5 DETECTICPES

TW Hya has only 8-10 Myr of age.

Variations inconsistent through

RV consistent over 3 months different bandpasses
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Astronomy & Astrophysics manuscript no. RV_challenge_paper_II_v4 ©ESO 2018
October 16, 2018

v = (|6

Il. First results of the analysis of the data set 2
y e ~ N(0,07)

X. Dumusquel’2 ** F. Borsa’, M. Damasso®, R. Diaz!, P. C. Gregory5 ., N.C. Hara®, A. Hatzes’, V. Rajpaulg, M.
Tuomi’, S. Aigrain®, G. Anglada-Escudé” '°, A.S. Bonomo*, G. Boué®, F. Dauvergne®, G. Frustagli?, P. Giacobbe*, R.
D. Haywoodz, H. R. A. Jones’, M. Pinamonti!!-12, E. Poretti®, M. Rainer>, D. Ségransanl, A. Sozzetti®, and S. Udry1

Radial-Velocity Fitting Challenge *

"The most efficient methods to recover planetary
signals take into account the different activity
indicators, use red=noise models to account
for stellar RV signals and a Bayesian
framework to provide model comparison In a
robust statistical approach.”
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robust statistical approach.”
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ARTIFICIAL INTELLIGENCE

Artificial Intelligence:

Mimicking the intelligence or
behavioural pattern of humans
or any other living entity.

Machine Learning:

A technique by which a computer
can "learn" from data, without
using a complex set of different
rules. This approach is mainly
based on training a model from
datasets.

Deep Learning:

A technique to perform
machine learning
inspired by our brain's
owhn network of
neurons.

Rodrigo F. Diaz ICIFI (UNSAM / CONICET)
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P TOR INSTRUNMEREES

—— Training Set Deviance

—— Test Set Deviance
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EUR BASELINE MG

I he classical approach to detecting signals in RV time series

p(T | Hy)

Analytical distributions depend strongly on

fo dipetesis e hypotheses that are rarely satisfied.
T: estadistico (variable aleatoria)

IT=fla.a .. a4, : . .
& = (T'> Tl Ho), p-value Simulations (bootstraping) under the null are

performed to alleviate this. This Is
computationally expensive.

L Theoretical issues with p-values in general
Tobs i —> Bayeslan statistics.
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DAITA

RV surveys do not provide LARGE amounts of data. —> We resort to simulations to produce an
appropriate training set.

Realistic noise
*White (photon) noise.
e Pulsations, oscillations.

e Rotational modulation.
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DAITA

RV surveys do not provide LARGE amounts of data. —> We resort to simulations to produce an
appropriate training set.

Realistic noise Circular planets
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DAITA

RV surveys do not provide LARGE amounts of data. —> We resort to simulations to produce an

appropriate training set.

Realistic noise
*White (photon) noise.
e Pulsations, oscillations.

e Rotational modulation.
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RV surveys do not provide LARGE amounts of data. —> We resort to

appropriate -

raining set.
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DAITA

RV surveys do not provide LARGE amounts of data. —> We resort to siflulations to produce an

appropriate -

raining set.
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DAITA

RV surveys do not provide LARGE amounts of data. —> We resort to sifulations to produce an

appropriate -

raining set.
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DAITA

RV surveys do not provide LARGE amounts of data. —> We resort to sifulations to produce an

appropriate -

raining set.
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RV surveys do not provide LARGE amounts of data. —> We resort to siflulations to produce an

appropriate training set.

20 Y =

15 -

A R W
O Y * 9.° ' Y,
E s5{ % ;..: P eay® ’?.U:
- y .0 ~ o °.:o 8 S o
© o
I R SN
2 e ::!i“b é_o 4 1 o
= o e ¢ :‘ ¢
2 -10  aad °g ® 3 .

® o
-15 be o

0 25 50 75 100 125
Dias de observacion

L oen step:

150

175

200

DAITA

g o
a.
- -
N
©
g : J
= | n JII‘*, Y
AN YA N
! 4 l\ ‘-\ e
k l’mhf‘a"u‘lpv Nv [\ 2\1 ' \ : ; / 1 |\."'- -i'/-ll 1 Ll
10 100 1000 1000
Period [d]
0.4
@
2z
O
o,
g "
S 02
©
E
5 —
i A e _
1 p I \ i °
YAV AN AR N
1 10 100 1000 10001
Period [d]
. 04
>/e S y e § i
&
o
_g a
£ 92 -
£ - —
S —
z —
}
i !\ , P [AVASS ‘/"——
n O : t — 0 wmww&l lihll. f’ﬁn‘{\".ﬁl l\"u"“- /P\r- A - 1 1 \l 11 lll v
) 1 10 100 1000 10001
Period [d]
B FAP:1% B FAP:10% B FAP:0.1%

40



RV surveys c

o not provide LARGE amounts of data. —> We resort to sifllulations to produce an

appropriate training set. /——>
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SUMITIA

* The last 25 years brought a wealth of information about planets outside the Solar
system.

» Many questions remain open. Chief among them, Is the occurrence of planets like
-arth.

+ Our exoplanet team at UNSAM uses data science and machine learning techniques
to solve some of the outstanding questions in exoplanet science, by improving
instrument performance, operation efficiency and / or detection power.
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