Filling in the gaps:

Imputing exoplanet properties with machine learning
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96% exoplanets found by
either the radial velocity
or transit technique

Give different planet
properties.



Star “wobbles”"due to

Radial velocity ‘L\ the planet’s gravity.
or <
Doppler wobble Periodic shift in

(e wavelength

Gives a minimum mass for the

planet

f e ne===" m sin (i) = mass m sin (i) << mass
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Transit ’*‘:.{?‘

Star's
Brightness
Time

Dip in light as planet
crosses our line of
sight to the star

Gives a radius for the
planet
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No transit
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Earth analogue

’
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Transit required

Low probability far
from star.

Detection by 2
methods required

(often impossible)



Planet characterisation needs mass & radius.

Gas Hybrid

Rocky Ice
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Proxima Centauri b Msin(i) =1.27Mg '\: (Radial velocity)

. A4 -
(Nearest star) (min. mass)

Period = 11.2 days

/-w Red dwart

(small, dim star)

Habitable Zone

Earth could support liquid water

(assumes our surface pressure & atmosphere




Proxima Centauri b SS

SURFACE IMAGING OF PROXIMA B AND OTHER EXOPLANETS:
TOPOGRAPHY, BIOSIGNATURES, AND ARTIFICIAL MEGA-STRUCTURES

SEARCHING FOR THE TRANSIT OF THE EARTH-MASS EXOPLANET
PROXIMA CENTAURI B IN ANTARCTICA: PRELIMINARY RESULT

B e S =
REDUCED DIVERSITY OF LIFE AROUND PROXIMA CENTAURI AND TRAPPIST-1
T

Exploring the climate of Proxima B with the Met Office Unified
Model

v
»

HABITABLE CLIMATE SCENARIOS FOR PROXIMA
CENTAURI B WITH A DYNAMIC OCEAN

DETECTING PROXIMA B’S ATMOSPHERE WITH JWST TARGETING COz AT 15 MICRON USING A
HIGH-PASS SPECTRAL FILTERING TECHNIQUE



Proxima Centaurib : M sin(i) = 1.27 Mg
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Planet Neptune-like
(not habitablel!)
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10° 1 . ' ' , planet limit
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orbital inclination [deg] (Rogers, 2015, ApJ 801)



(Transit detection)

Kepler-186f R =11Rg
Period = 130 days

Habitable Zone




(Transit detection)

Kepler-186f R =11Rg
Period = 130 days

flux(F/Fg) T(K) Jete ff. | Gl 436 19

Uranus l
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Degenerate compositions
gives x10 spread in mass
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K-238 f 2

0.4 < M < 3.5 Mg

04 06081 15 2 3 4 567890 15 20 30
m (Mg)

Lopez-Morales et al, ApJ 152:204, 2016



NASA EXOPLANET ARCHIVE
NASA EXOPLANET SCIENCE INSTITUTE
About Us Data

I Download Table [} Plot Table

Home Tools Support

= select Columns % View Documentation

Confirmed Planets

B a3 & 4 = B &= B &
Number of Orbital Period [days] Eccentricity
Planets in
System

] a2 | a
HD 141399 ¢
HD 141399 d
HD 141399 e
HD 80606 b
HD 68988 b
Kepler-1428 b
HD 33283 b
Kepler-1000 b
Kepler-28 b
Kepler-28 ¢
Kepler-94 b
Kepler-94 ¢
K2-24 b
K2-24 ¢
Kepler-526 b
K2-238 b
Kepler-794 b
Kepler-6 b
HD 11506 b
HD 11506 ¢
HD 202206 ¢
WASP-153 b
HATS-60 b
HATS-67 b
HAT-P-44 b
HAT-P-44 ¢
HATS-14 b
Kepler-407 b
Kepler-407 ¢
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@ | |
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0.074+0.025
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0.06+0.01
<0.07

845",

88.93 317
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0.22+0.03
<0.009
<0.191
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Planet Mass or

M*sin(i) [Jupiter
mass]

=]

Planet Radius
[Jupiter radii]

2]
1.33£0.08
1.1810.08
0.66+0.10
4.38+0.74
1.97+0.10

1.07+0.03
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4000+ exoplanet discoveries

Many potential
planet properties
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1700240
1528211
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Stellar Mass
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1.0740.08
1.1540.27
1.28+0.09
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1.40£0.04
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When telescopes cannot help...

What can we do?




NASA EXOPLANET ARCHIVE
NASA EXOPLANET SCIENCE INSTITUTE .
Home About Us Data Tools Support Login

Select Columns || Download Table  [\.} Plot Table View Documentation

e — Can we impute missing values, based

PlanetName = Numberof  Orbital Period [days] Eccentricity | Inclination [deg]  PlanetMass or  PlanetRadius | Planet Density  Equilibrium ~ Stellar Mass
Planets in Mesin(i) [Jupiter [Jupiter radii] fgfom**3]  Temperature [Solar mass]
System mass] (2] [Solar radii]

2] a 1>} a 2] a 2] 2] 1%} 2] a ?
HD 141389 ¢ 201.99:0.08 0.04840.009 1.33:0.08 1.07+0.08 ©
HD 141399 d 1069.8:6.7 0.07420.025 1.18:0.08 1.0740.08
HD 141399 ¢ 5000 30 0.26£0.22 066£0.10 1.07£0.08 O n n O W n r O e I e S A
HD 80606 b 111.4367020.00040 0.930.00 0.29 4.38:0.74 1074003 1151027 1.040.02
HD 68988 b 6.2771120.00021 0.1240.01 1.9740.10 128:000  1.19:0.02
Kepler-1428 b 10.6760716926.083e-05
HD 33283 b 18.189120.0017 0.39940.056 0.32940.071 1.3820.24
Kepler-1000 b 120.018127240.0003628 0 : 1401004
Kepler-28 b 59123 <151 075
Kepler-28 ¢ 6.9858 <1.36 075
Kepler-94 b 250806 003420004 031320013  1.45:0.26 0812006 0.76:0.03
Kepler-94 ¢ 820,343 9.836£0.629 0812006 0.76:0.03
K2-24b 2088977 '3 s0oe 0.06£0.01 S 048:0.02 064" 1074006 1.16£0.04
K2-24¢ 42.339120.0012 <007 0 06710 1074006 1.16:0.04
Kepler-526 b 5.45849831649.076-06 4 ST sy
K2-238b 3.2046620.00003 , 1587 7 4 1.5940.16
Kepler-794 b 11.1312513243 571e-05 AT i
Kepler-6 b 3.234699620.0000004 93’ 3 1460210 s [1:391 505
HD 11506 b 1622.122.1 0.374320.0053 4831052 1248018 1348005  2.30:0.58
HD 11506 ¢ 223412032 0.193:0.038 0.40840.057 1241018 1341005 2304058
HD 202206 ¢ 1260211 0.2240.03 77214 1274012 1.03£0.02
WASP-153 b 3.33260920,000002 <0.009 84.1207 0.39:0.02 y 0.15£0.03 0 133510086 S 4008
HATS-60 b 3,560829:0.000032 <0.191 86.28:035 066240055  1.153:0.053 s 1628211 o 1.460:0024 7.55%5%
HATS-67 b 1.609178820.0000040  <0.057 79031026 1456012 168510047 037410047  2193:22  1435:0021 144130026 0.51:0.24
HAT-P-44 b 4.301219£0.000019 004420052 89.1:04 035210029 1242 008 0.23:0.04 108 %5 0.94240.041 e 75136
HAT-P-44 ¢ 872.241.7 0.49420.081 407 0.9420.041 oy 75436
HATS-14b 2766764110.0000027  <0.142 88.63:0.66 107120070 1.039' A 1276120 0.967+0.024 49217
Kepler-407 b 0669310 <0010 0,09520.002 1001006 1016007 747
Kepler-407 ¢ 30004500 126:6.3 100:0.06  1.01:007  7.47
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neural network: planet property generator




NEURAL NETWORK

Type of machine learning, inspired by the brain. ‘

Given examples, a neural network finds trends between variables.

A |
a

Excellent for multi-dimensional data -
|






m Four wheels

Carry people




=TT

|3
o
, --\
S 7 /4 1
® =
b ' )
e .)

Carry many people

Fixed route

Involves a fee
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INPUT FEATURES  WEIGHTS RESULT
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You can choose the number of features (nodes)




*95[J902%

You can choose the number of features (nodes)

But the network selects what each node
represents and its weight




ORBITAL
PERIOD

EQUILIBRIUM
TEMPERATURE

Can a neural network find the relation between
orbital period and equilibrium temperature?
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EQ. TEMP.

PERIOD

blue = data

v/

But how do we train the network if

orange = network prediction

we don’t know the right answer?

102

Period [days



Feed the network
a set of properties
for many planets

Network finds a
statistical
representation of

‘ those properties
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PLANET NEURAL NETWORK
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Network can create
a "new” planets
whose properties fit
the statistical
distribution.

NEURAL NETWORK #ALTPLANET



.. Or generate just

one missing property.

NEURAL NETWORK



DETAILS

(feel free to sleep for the next few slides)

This will all end in tears.

| just know it.




Small print

M, Vodified

(\ #» boltzmann
[\,

machine

TRAINING

Network adjusts

features / weights [MEss
to find a h

“““““

distribution that
fits the training set.

.....

Require complete property set for a group of

planets for network training:

radius, mass, period, equilibrium temperature,
number of planets in system, stellar mass

Create statistical distribution by representing
each planet’s properties as an energy.




Require complete property set for a group of

Small print planets for network training:
radius, mass, period, equilibrium temperature,
number of planets in system, stellar mass

‘ Modified Create statistical distribution by representing
\ # boltzmann each planet's properties as an energy.

machine

TRAINING

Network adjusts
features / weights (ME=S.

\‘\ . K

f‘ d e R
to 1INnd a Ry
R

“““““

distribution that
fits the training set.




Require complete property set for a group of

Small print planets for network training:
radius, mass, period, equilibrium temperature,
number of planets in system, stellar mass

- Modified Create statistical distribution by representing
\ # boltzmann each planet's properties as an energy.

machine

TRAINING

Network adjusts
features / weights
to find a
distribution that
fits the training set.




Require complete property set for a group of

Small print planets for network training:

radius, mass, period, equilibrium temperature,
number of planets in system, stellar mass

- Modified Create statistical distribution by representing

\ # boltzmann each planet’s properties as an energy.
machine
Y New planet (or planet property) accepted
onte based on the energy difference from adding
Carlo the planet to the distribution: P = eferie™new

Energy of system +

Energy of trained system Generated planet generated planet Reject



Require complete property set for a group of

Small print planets for network training:

radius, mass, period, equilibrium temperature,
number of planets in system, stellar mass

A Modified Create statistical distribution by representing

\ # boltzmann each planet's properties as an energy.
machine
New planet (or planet property) accepted
Monte

based on the energy difference from adding
Carlo the planet to the distribution: P = eforie = Enew

Energy of system +

Energy of trained system Generated planet generated planet

Accept



Require complete property set for a group of

Small print planets for network training:

radius, mass, period, equilibrium temperature,
number of planets in system, stellar mass

‘ Modified Create statistical distribution by representing

\ # boltzmann each planet's properties as an energy.
machine
Y New planet (or planet property) accepted
onte based on the energy difference from adding
Carlo the planet to the distribution: P = eforie~fnew

Property Create multiple (1000) values per planet
distribution and take the mean.




Assume you found a
transiting planet

(Radius, no minimum mass)

Give the (trained) neural network Outputs a distribution
5 measured properties of possible mass values



-rrrl- M‘: ~~, Assumeyou found a RV planet
d Nt

(minimum mass, no radius)

Combine with
possible masses
based on m sin(i)

(Assuming random i)

Give the (trained) Outputs distribution
neural network 4 of possible mass &
measured properties CIe[[VERVE[FIETS



RESULTS

(wake up!)

Incredible... it's even worse
than | thought it would be.




Test results! RV planets
\ (pretend we only know
m sin(i) and look at network
generated masses)

(secretly do know the
mass of these planets)
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Test results! RV planets

Imputed Mass [mg ]

3

10’ 10° 10
Observed Mass [mg |




What can we compare this to?

Switch network distribution
for the distribution of known
planet masses

Bar %y
10 10 OIS H M

Observed Mass [mg ]

Imputed Mass [mg |




Imputed Mass [mg |

Network & mpsin(i)
Observed distribution

10’ 10°
Observed Mass [mg ]

10

3

What can we compare this to?

What if we didn’t use the
network, and just compared
m sin(i) to the distribution of
known planet masses?




Network & mpsin(i) € = ln(MObs/ Mimputed)

Observed distribution

Network error = 0.39
Obs. error = 0.41

Imputed Mass [mg |

On average, network finds a

1 2 3
10 10 10 planet mass ~1.5 x true mass

Observed Mass [mg ]




Network & mpsin(i)
Observed distribution AT Where do we do well?

m WASP-68 b

WASP-68b has a very low
error

Imputed Mass [mg |

What kind of planet is
this?

3

10’ 10° 10
Observed Mass [mg ]




Best Worlds

WASP-68 b

Low error
planet
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Inflated hot Jupiter




Network & mpsin(i) How about the bad
Observed distribution

K2-66 b & planets?

Imputed Mass [mg |

What's its problem?!

3

10’ 10° 10
Observed Mass [mg ]




- Imputed mg

K2-66 b

High error
planet

Observed mp

Network
Network & mpsin(i)

Distribution

0.20
0.15
0.10
0.05

107
Mass [mg ]

It your m sin(i) value lies in the low probability tail of the network
distribution, it may indicate a high error.



- Imputed mg

K2-66 b

High error
planet

Observed mp

Network
Network & mpsin(i)
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107
Mass [mg ]

Hot sub-Neptune

“Photoevaporation dessert”




Curious worlds

WASP-8 b

—

hot
Jupiter

c
o
5
a0
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v
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107
Mass [mg]

Super-size hot Jupiter

2 statistically consistent options



Proxima Centauri-b
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sin(i)

* L \ > =

Proxima Centauri-b

1

‘. -
,. M sin(i) ~ 1.3 0

Distribution

o 1 (+0.46 @B
~ 1.62 3 O

Distribution

~ P
R~ 1.375%s @

10°

Radius [Rg ]



Test results! Transit planets

(pretend we only know
radius and look at network
generated masses)



Network

How does this compare
with other methods?

Imputed Mass [mg |

3

10’ 10° 10
Observed Mass [mg ]




Test results! Transit planets

Network
MR Forecaster

Imputed Mass [mg |

1 3

10° 10
Observed Mass [mg ]

MR Forecaster
(Chen & Kipping, 2017)

107t 10 102 100t 10 10' 10* 10* 10 10° 10°
M/M



Test results! Transit planets MR Forecaster

Imputed Mass [mg |

(Chen & Kipping, 2017)

Network
MR Forecaster
WM2014

107t 10 102 100t 10 10' 10* 10* 10 10° 10°
M/M

Weiss & Marcy, 2014
(Empirical <4@)

Rp < 1.5Rg pop = 2.43 + 3.39 (—P> gem ™S

10 10° 10 M Rp)\""
Observed Mass [mg] 1.5 < Rp/Rg <4 - = 269 ( P)



Imputed Mass [mg |

Errors:

Network Network = 0.98

MR Forecaster
WM2014

Forecaster = 1.6

WM2014 (<4 RE) = 1.02

On average, network finds a
planet mass ~2.7 x true mass

3

10’ 10° 10
CROSEMEDNEES [y, But why more scatter?



Higher error than RV as....

Network
MR Forecaster
WM2014

1. No minimum mass guide

2. Stellar degeneracy in radius

‘

Imputed Mass [mg |

3

10’ 10° 10
Observed Mass [mg ]




How about the bad planets?

Network

MR Forecaster
WM2014
Kepler-145 b

Imputed Mass [mg |

Why?!

3

10’ 10° 10
Observed Mass [mg ]




Kepler-145 b

- Observed mp

- Imputed mp
Network
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Unusually large rocky planet




Imputed Mass [mg ]

Network

MR Forecaster
WM2014

Kepler-415 b

2MASS J2140+16A b

10’

10°
Observed Mass [mg ]

10

3

How about the REALLY bad
planets?
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2MASS J21402931+1625183 A b

c
O
e

=
O
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D
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10°

Mass [m g |

- Possible brown dwart

< \ery little data here!



2MASS J21402931+1625183 A b
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Training data

109 10! 1072 i63 104
Orbital period [days]

< \ery little data here!
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Distribution

Kepler-186 f |

!
!
!
!
!
!

..Al

S'.
I
I
I
I
1
1
I
I
I
I
I
I
|
I

Kepler-186f

~1.1 @

./ +11 1



Neural networks can identity trends between planet properties

... to interpolate between known data and estimate missing values



Neural networks can identity trends between planet properties
... to interpolate between known data and estimate missing values

Best performance in densely populated parameter space



LAL, L, Lo

High certainty 2 consistent values ....not a clue!

Af,
L

P

Neural networks can identity trends between planet properties
... to interpolate between known data and estimate missing values
Best performance in densely populated parameter space

Distribution contains important information.



el

All new data will improve the method

o
P

Neural networks can identity trends between planet properties
... to interpolate between known data and estimate missing values

Best performance in densely populated parameter space

Distribution contains important information.



Outreach:  https://www.youtube.com/watch?v=cQygpmYwKw4

... or a world largely composed of ices or ocean.



