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Kepler Planet Candidates
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Planets with no Solar System analogs ... what possible compositions?

Kepler Planet Candidates
As of January 2014

@ 2010, 2011, 2012, Jan 2013

@ Nov 2013
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From just Mass and Radius??
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From jUSt Mass and Radlus’l7
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Flat Mass-Radlus Relatlons*ﬂw
Earth-composmon rocky core, H+He envelope ‘
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Flat Mass-Radius Relatlons*/?

Earth-composmon rocky core, H+He envelope

Radius primarily determined by % H/He
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Radius Proxy for Composmeﬂ
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Radius Proxy for Composmeﬂ
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. But Inferences are Hard??
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Errors dominated by uncertainty
in stellar radius:
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Applying to Kepler planets??.
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Extreme caution needed in interpreting the observed radius distribution!
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Results

Hyperparameter posterior Marginal composition distribution
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Rocky 0.1 0.3
Median % Mass in H+He

“Radius as proxy for composition”
works, with some spread
(due to errors on radii)
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Rocky 0.1 0.3
Median % Mass in H+He

“Radius as proxy for composition”
works, with some spread
(due to errors on radii)

Note: Kepler 10c not
necessarily rocky:

q? fenv ~ 0.5%
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Median % Mass in H+He

“Radius as proxy for composition”
works, with some spread
(due to errors on radii)

Note: Kepler 10c not
necessarily rocky:

q? fenv ~ 0.5%
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‘Rocky-Gaseous Transition””

.

An honest view of inference
on individual planets from
Kepler radii ...

I L 1Pl

I L LIl

Incident Flux (Fegrin)

O
L
+
I
=
0
)
©
=
B

2.5 3.0
Radius (Rearn)




‘Rocky-Gaseous Transition””

.

An honest view of inference
on individual planets from
Kepler radii ...

I L 1Pl

I L LIl

Transition
~ | 5 REarth

Incident Flux (Fegrin)

O
L
+
I
=
0
)
©
=
B

2.5 3.0
Radius (Rearn)




‘Rocky-Gaseous Transition””

.

An honest view of inference
on individual planets from
Kepler radii ...

I L 1Pl

I L LIl

Transition
———— ~ I 5 REarth
Rp|<2_'fenv< I%

Incident Flux (Fegrin)

O
L
+
I
=
0
)
©
=
B

T l !

20 2.5 3.0
Radius (Rearn)




‘Rocky-Gaseous Transition””

.

An honest view of inference
on individual planets from
Kepler radii ...

I L 1Pl

L LIl

Transition
~1.5 REarth
Rpi <2 2 fery < |%
2<Rp<3 2 fenv~ 1%

Incident Flux (Fegrin)

O
L
+
I
=
0
)
©
=
B

| [ I

2.0 2.5 3.0
Radius (Reain)




‘Rocky-Gaseous Transition””

.

An honest view of inference
on individual planets from
Kepler radii ...

L 1Pl

L LIl

Transition
~1.5 REarth

Rp|<2_’fenv< I%
2<Rp|<3_’fenv~|%
| [ | |

2.0 2.5 3.0 3.5
Radius (Reain)

Incident Flux (Fgartn

O
L
+
I
=
0
)
©
=
B




"Mass-Radius Relationship7?
| A2 —

)

Pure Water |

3

— Pure Rock ]

— Max Iron —

N

S

&
wn
=
O
qv!
ad
o
L
-
=
—_—

—_

S

PR [N ST TR T S (N RN TN TN SO AN N SO S
5 10 15
Planet Mass (M)

-




"Mass-Radius Relationship7?
| = _—

)

Pure Water |

— Pure Rock ]

— Max Iron —

N

> B
&
I 3F
O B
Q] N
ad B
= 50
Q) L
C: |
‘Ls |
!

—_

-
-

PR T NN TR TR SR T NN T T S
10 15
Planet Mass (M)




"Mass-Radius Relationship7?
| = _—

)

N

> B
&
I 3F
O B
Q] N
ad B
= 50
Q) L
C: |
‘Ls |
!

—_

Weiss & Marcy, 2014

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 40
Planet Radius (Ry)

PR [N TR TN R SR (N SN TN TN SN A N SR TR MO A TN S S
5 10 15 20
Planet Mass (M)

-
-




"Mass-Radius Relationship7?
| = _—

)

N

> B
&
I 3F
O B
Q] N
ad B
= 50
Q) L
C: |
‘Ls |
!

—_

Weiss & Marcy, 2014

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 40
Planet Radius (Ry)

PR [N TR TN R SR (N SN TN TN SN A N SR TR MO A TN S S
5 10 15 20
Planet Mass (M)

-
-




“Mass-Radius Keiationshin??
=

e .

Incident Flux (Fgarin)

200 300 >400

l

20

Q
#
0
™
Q
™
L0
Al
Q
Al
L0
T

1.0




‘Mass-Radius PDF .2, 72

Incident Flux (Fgarin)

200 300  >400

l

20

<
#
1
™
<
™
10
Q|
<
Q\|
0
—

1.0




“Mass-Radius PDF .0 funce

<
#
1
™
<
™
10
Q|
<
Q\|
0
—

1.0

sity functlon)

77

. '
- 1,.‘W

Also some

Interesting
(

trends %ge .
Wlth ﬂUX o..

posmble' }

Incident Flux (Fgarin)

200 300 >400

l

20




" Mass-Radius PDF = #72
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3) Rocky-gas transition
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and could be fuzzy



"Summary of Implications??

|) First composition distribution:

2) With radius uncertainties:

Wolfgang, Rogers,
& Ford, in prep.
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Inferring a composition requires modeling these planets’ mternal structures:



Interpreting (M,R) = 2

Inferring a composition requires modeling these planets’ internal structures:

Continuity: Hydrostatic Equilibrium: Equation of State:

dP(r)  —Gm(r)p(r)

dm(r)
dr

4mrp(r) P(r) = f(p(r), T(r))

dr 72
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Inferring a composition requires modeling these planets’ internal structures:

Continuity: Hydrostatic Equilibrium: Equation of State:

dP(r) — —Gm(r)p(r)
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Interpretlng (M’R) _—

Inferring a composition requires modeling these planets’ internal structures:

Continuity: Hydrostatic Equilibrium: Equation of State:

dP(r) —Gm(r)p(r)
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Interpreting (M,R) = 72

Inferring a composition requires modeling these planets’ internal structures:

Continuity: Hydrostatic Equilibrium: Equation of State:

dP(r)  —Gm(r)p(r)

dr P2
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But a planet cools ... 7
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But a planet cools ... 7
dmﬁ = —Lint + Lradio _CchoreT

...at different rates 5% H/He

dependingon 100 F,
its mass!
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Low-mass planets,
with low surface gravity,
also cool fastest ...
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Hierarchical Bayes:

What if there isn’t just one “true” value of 8 for all the data?
l.e. B has its own intrinsic distribution?

posterior likelihood “prior”

p(8,aly) « p(y|,a) p(6]a) p(a)

a = hyperparameters
(the parameters that describe the distribution of 0 values)

p(B]a) = this “intrinsic distribution” for the parameters

p(a) = prior probability of the hyperparameters

Happens often for population studies: data tends to be “grouped” (hierarchical),
and one value of 6 may not be appropriate for all groups

Adding another layer of probabilistic structure
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