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Motivation

Formation tracers

The C/O ratio: formation location & accretion of solids [?]
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Motivation

Formation tracers

The 12CO/13CO ratio: thermal processing of solids @ formation [?]

CO in gas

CO snowline
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Local interstellar ratio
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Separation

12C/13C = 5.85(0.50)Rgc + 15.03(3.40)
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Motivation

Formation tracers
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The data drive the fit

Several tens of free-parameters

Retrieval models: complex enough
to reproduce the clouds !

Several days of computing time for

data with thousands points
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Motivation

FORWARD MODELING Models drive the fit
. 00(a) A 1 Fundamental parameters of
1 the atmosphere (< 5 today)
' ' ' ' i
P-T profile CS:)eer(r:\iiele Mixing ; CIO[{:'
| _ . Auto-consistent models
Chemical Complex physics Sedimentation
equilibrium o
I ] o
og(2) Several hours of computing time

for data with thousands points

\ o °o—> Pre-computed synthetic spectrum
T Exo-REM (Charnay et al. 2018)
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R=A/AA

I Motivation
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Motivation

Bayesian Framework: posteriors, model selection

Normalized flux
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...but time-consuming (computation time explodes with dimensionality)
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Motivation
Bayesian Framework: posteriors, model selection

Prior Likelihood

Probability to have O a priori Probability that O reproduce correctly &
(Information that we have) (Comparison 71(0) to D)
X ) : Data
= Pr(e | D, M) M : Model
Pr(2 | 1) \ O :Parameters
Evidence
Probability that 2 give information related to 7 POSteI‘iOI‘

(Usefull for model to model comparison) Sresalsiie o lmre () @ sesiier

(Increased information that we have)
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Motivation

Bayesian Framework: posteriors, model selection

The nested sampling algorithm (alternative to MCMC)

Free parameter 6,

COBREX meeting - Oct. 4, 2022 -

Generate a sample
of living points

|dentify the point
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Converge 10 Limax
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Free parameter 6,

Iterative process
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Motivation
Bayesian Framework: posteriors, model selection

Pros <& Cons ¥

- Accurate estimate of posterior

S  Time consuming
distributions

. o _ * Non replicable inversion
* Allows to input prior information (flat,

* Do not relate data to constraints on free
log, normal)

_ parameters
* Can account for correlated noise

(covariance) and penalties
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The random forests method

A versatile machine learning technique for regression & classification

A general tree structure A decision tree i SR Dn e

internal @ €— root node

(split) node

Is bottom
part blue?

Is bottom
part green?

9
\ . 2%, 2,
terminal (leaf) node %, %6,
™

(a) (b)
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The random forests method

A versatile machine learning technique for regression & classification
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The random forests method

A versatile machine learning technique for regression & classification

RY4Z

‘Split node (test) [ split node (train)

Leaf node S y//

; « pv _ " Leaf model: probabilistic
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Fig. 2.3 Split and leaf nodes. (a) Split node (testing). A split node is associated with a
weak learner (or split function, or test function). (b) Split node (training). Training the
parameters 6; of node j involves optimizing a chosen objective function (maximizing the
information gain I; in this example). (c) A leaf node is associated with a predictor model.
For example, in classification we may wish to estimate the conditional p(c|v) with ¢ € {c}

indicating a class index.
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The random forests method

A versatile machine learning technique for regression & classification

Data

/\ N trees : bagging (Mont-Carlo)
Tree 1 ‘ TreeN ‘

/N /\b

. (...
/N N\ y = f(x)
/ \ / \ Dependent variable Feature vector
O Atmospheric parameters Spectrum
h 4 v v
Prediction 1 (... Prediction N
Y Y Y
Averaging all predictions
v

Regression prediction
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The random forests method

Original Framework

Application (code) : scikit-learn

Application (exoplanet atmospheres) : Marquez-Neila et al. 2018
Oreshenko et al. 2019

1 - projection of spectrum errors on grids (monte-carlo)
1.5 - reinterpolation of grids (finer mesh)
2 - training on grid (.fit)

3 - regression (.predict)
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The random forests method

Original Framework

Application (code) : scikit-learn

Application (exoplanet atmospheres) :

le—11
- Sonora, log(g)=4.93, 800K
1.2 {  GJ570D
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The random forests method

sklearn.ensemble.RandomForestRegressor

- Split function: mean-square error (variance reduction)

L

l
(b

» Fit function: constant per partition

. Classification tree S 0
X ‘- training l

ple|v)
’ |

0.008 1.008 2.008 3.008 4.008 5.008 6.008
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https://scikit-learn.org/stable/modules/classes.html#module-sklearn.ensemble

The random forests method

sklearn.ensemble.RandomForestRegressor

- Split function: mean-square error (variance reduction)

a0

» Fit function: constant per partition
t=2 t=3

G0 mfﬂh\\ ,,,m ]
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https://scikit-learn.org/stable/modules/classes.html#module-sklearn.ensemble

The random forests method

sklearn.ensemble.RandomForestRegressor

 Outputs

predict(X) [source]

Predict regression target for X.

The predicted regression target of an input sample is computed as the mean predicted regression targets of the trees in the
forest.

Parameters:: X : {array-like, sparse matrix} of shape (n_samples, n_features)
The input samples. Internally, its dtype will be converted to dtype=np.float32.If a sparse matrix is
provided, it will be converted into a sparse csr_matrix.

Returns:: y : ndarray of shape (n_samples,) or (n_samples, n_outputs)
The predicted values.
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https://scikit-learn.org/stable/modules/classes.html#module-sklearn.ensemble

The random forests method

sklearn.ensemble.RandomForestRegressor

 Outputs
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The random forests method

Modified framework (Criminisi et al. 2012):

Probabilistic linear regression post-partition

A% A% ?
! } /

Tree t=1

I

Pely

2k
1 T
p(y|x) = = Zt:pt(y | x)
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Application
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Pros & cons
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Pros & cons
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Pros & cons
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Pros & cons

AB Picb

Table 1: Retrieved model parameters for AB Pic b using the Nested Sampling (ForMoSA-NS) and PCLRF approaches

Method Teg log g M/H ¥ C/0 radial velocity radius
(K) (dex) (dex) (km.s™ 1) (Rjup)
ForMoSA-NS 205677 <3.01 —03175,; 108+0.01 0697,  1.21+001  1.21+0.01
PCLRF 2121750 3.197022 011755, 1.0315:99¢  0.6270 03 11.4%%4 1.0810 044
RF ! 220072, 375 —-0.370% 1037002 0.5510° 16+2 1.0790
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Pros & cons

C/O wavelength importance
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Pros

e Computation time

training = 10min
regression = 34s
(Comparison : Bayesian = 1 nuit)

Application on massive datasets

¢ Feature importance plot

Maximise S/N for key wavelengths

Cons

e \We loose control on the model
¢ Treatment of uncertainties

Komba-Betambo et al. 2022 (in prep)
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