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Hierarchical Bayesian Inference — Its Application to Dust
Emission Modelling
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® Size distributions with stochastically heated grains;

e Large variety of models = numerous dust components, stellar & radio continua, AGN
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Effect of Noise: L2*(\) = LT°(\; %) + €(A) x 02*(N) (CEIN G
LX) — Ly(Ai %)
o*(A)
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< e(\X) =

The Bayesian Thing:

Bayes theorem: p ()?\E"Vbs) x p (ﬂ"bs\)?) X p(X)
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posterior distribution likelihood prior distribution

Non-hierarchical Bayesian: p(X) has a fixed form, usually p(X) = 1 over a physically realistic
range.

Sampling the distribution of parameters:

The most common way: Markov Chain Monte-Carlo (MCMC) = randomly drawing parameter
values from the posterior.
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Modelling an ensemble of sources:

N
Posterior: p(xi ... xy| L. .. LPN) I | p (Lf,"s'i\X/) X p(x1...xn)-
T N——— e —
posterior of the whole image =1 tl global prior

ith pixel likelihood
N
Prior: p(xi...xy) = H p (xi, i1, X) is controlled by hyperparameters:
i=1
® average [;
® covariance matrix X.

Hyperparameters are sampled too = the shape of the prior is fit to the data.

Hierarchical Bayesian sampling:
At each iteration, sampling:
® every parameter of every pixel;
® every hyperparameter;
= sampling a parameter space of dimensions:

Ngim = Noixel X Npar + 2 X Npor  +
—_ N

individual parameters  hyper-mean & std-dev
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The Principle of Hierarchical Bayesian Inference

Modelling an ensemble of sources:

N
Posterior: p(xi ... xy| L. .. LPN) I | p (Lf,"s'i\X/) X p(x1...xn)-
T N——— e —
posterior of the whole image =1 tl global prior

ith pixel likelihood
N
Prior: p(xi...xy) = H p (xi, i1, X) is controlled by hyperparameters:
i=1
® average [;
® covariance matrix X.

Hyperparameters are sampled too = the shape of the prior is fit to the data.

Hierarchical Bayesian sampling:
At each iteration, sampling:
® every parameter of every pixel;
® every hyperparameter;

= sampling a parameter space of dimensions:

Nom = Noset X Npar + 2% Nowr  +Cp? 2.
— ~——

par

individual parameters  hyper-mean & std-dev .
correlations
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Treatment of the Calibration Uncertainties

Introducing correlated calibration uncertainties:
L3P(\) — Ly (%)

Likelihood: ¢()\; X) =
()
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Treatment of the Calibration Uncertainties

Introducing correlated calibration uncertainties:
LX) — LP(Ai %) x (1 4+ 6(N))

Likelihood: ¢()\; X) =
()

where (§) = 0.

Correlations:
e Full correlation between pixels;

e Partial correlation between wavelengths.
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Treatment of the Calibration Uncertainties

Introducing correlated calibration uncertainties:
LX) — LP(Ai %) x (1 4+ 6(N))

Likelihood: ¢()\; X) =
op*(A)

where (§) = 0.

Correlations:
e Full correlation between pixels;

e Partial correlation between wavelengths.

= ¢ treated as a nuisance variable.
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Treatment of the Calibration Uncertainties

Introducing correlated calibration uncertainties:
LX) — LP(Ai %) x (1 4+ 6(N))

Likelihood: ¢()\; X) =
op*(A)

where (§) = 0.

Correlations:
e Full correlation between pixels;

e Partial correlation between wavelengths.

= J treated as a nuisance variable.
Numerical treatment:

Problem: known to create very long
chain correlations (Kelly, 2011).
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Treatment of the Calibration Uncertainties

Introducing correlated calibration uncertainties:
LX) — LP(Ai %) x (1 4+ 6(N))

Likelihood: ¢()\; X) =
op*(A)

where (§) = 0.

Correlations:
e Full correlation between pixels;

e Partial correlation between wavelengths.

= ¢ treated as a nuisance variable.

Numerical treatment:

Problem: known to create very long
chain correlations (Kelly, 2011).

Solution: implement
Ancillarity-Sufficiency
Interweaving Strategy (ASIS;
Yu & Meng, 2011) on every
parameter.
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Treatment of the Calibration Uncertainties

Introducing correlated calibration uncertainties:
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Likelihood: ¢()\; X) =
op*(A)

Correlations:
e Full correlation between pixels;

e Partial correlation between wavelengths.

= ¢ treated as a nuisance variable.

Numerical treatment:

Problem: known to create very long
chain correlations (Kelly, 2011).

Solution: implement
Ancillarity-Sufficiency
Interweaving Strategy (ASIS;
Yu & Meng, 2011) on every
parameter.
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Outline of the Talk

© Demonstration of the Code’s Performances
® The Reference Simulation Grid
e Variations on the Reference Grid
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A Large Grid of Simulated SEDs

Application to the most useful model:

Dust mixture: distribution of starlight
intensities (U): dM o U~ *dU.
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A Large Grid of Simulated SEDs
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Dust mixture: distribution of starlight
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Varying SED parameters:
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Application to the most useful model: T T
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A Large Grid of Simulated SEDs

Application to the most useful model:

Dust mixture: distribution of starlight
intensities (U): dM o U~ *dU.

Stellar continuum: black body (only near-IR).

Varying SED parameters:
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A Large Grid of Simulated SEDs

Application to the most useful model:

Dust mixture: distribution of starlight
intensities (U): dM o

Stellar continuum: black body (only near-IR).

Varying SED parameters:
SED shape: cold, warm & hot.

Sample size: 10, 100 & 1000 sources.

Random perturbations: median signal-to-noise

ratios: 0.3, 3 & 30.
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A Large Grid of Simulated SEDs

Application to the most useful model:
Dust mixture: distribution of starlight .
intensities (U): dM o U~ “dU. 10
Stellar continuum: black body (only near-IR).
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Varying SED parameters: 3
SED shape: cold, warm & hot. -g“ 1000
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ratios: 0.3, 3 & 30.
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Realistic simulations:
Synthetic photometry: IRAC, MIPS, PACS & L
SPIRE filters. 10 100
Wavelength, A [um]
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A Large Grid of Simulated SEDs

Application to the most useful model:

Dust mixture: distribution of starlight .
intensities (U): dM o U~ “dU. 10

Stellar continuum: black body (only near-IR).
10*
Varying SED parameters:
SED shape: cold, warm & hot.
Sample size: 10, 100 & 1000 sources.

Random perturbations: median signal-to-noise 100
ratios: 0.3, 3 & 30.

1000F

SED, vL, [Lo]

Realistic simulations:

Synthetic photometry: IRAC, MIPS, PACS &
SPIRE filters. 10 100
Wavelength, A [um]

Calibration uncertainties: add systematic
random offsets.
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Comparison of Different Methods

SED sample:
Warm SED, 100 sources, median SNR of 3.
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Quantifying the goodness of
the recovery:

For any parameter y:

y — ytrue
Dlyl = —5—
9y

® |D[y]| £ N5 = better than
Ne;

® Direct comparison of X2
and HB.

Quality control:

€ Recovered values in good
agreement with true values;

® Uncertainties properly
estimated;

® Few outliers = most
degenerate parameters;

© Systematically better than
2
X~
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Convergence Assessment

Integrated Autocorrelation Times:

= quantifies the length of independent draws in the chain.
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= quantifies the length of independent draws in the chain.
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Convergence Assessment

Integrated Autocorrelation Times:

= quantifies the length of independent draws in the chain.
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Convergence Assessment

Integrated Autocorrelation Times:

= quantifies the length of independent draws in the chain.
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Efficiency to recover correlation coefficients:

= 2 cases: positive & negative correlations.
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Effect of the Far-IR Wavelength Coverage

Capacity of the prior to compensate the lack of coverage:
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Correlations with Non-Dust-Related Parameters
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Correlations with Non-Dust-Related Parameters

Extending the prior distribution to other parameters (e.g. Mg, Z, etc.)
= test with gas-dust relation.
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Correlations with Non-Dust-Related Parameters

Extending the prior distribution to other parameters (e.g. Mg, Z, etc.)

= test with gas-dust relation.
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Outline of the Talk

® Examples of Applications to Real Astrophysical Data
® Spinning Grains in A-Orionis
® Dust Evolution in Galaxies

F. Galliano (AIM) AstroDat, November 19, 2019 21/27



The Anomalous Microwave Emissions (AME)

F. Galliano (AIM) AstroDat, November 19, 2019 22/27



Monochromatic Luminosity, vL, [Le)

10°

108

107

108

10°

10*

1000

m

The Anomalous Microwave Emissions (AME)

Ionizing T
photons
Absor
& sca

2175nm PR

flion 3
tering

Aromatic features

fcu)

N

Aliphatic
fedture

Silicate features é

ZiB

Free—free

(S

fraction tg.l]
—
(=]

Polarizati

Extinetion (p/T)

Emission (P/1) |

| E.//By

Thermal

/dusl emission

Synchrotron 1

excess?

©
P
-

. Galliano (AIM)

10 100 1000

10*

Wavelength, A [um] (Galliano, Galametz & Jones, 2018, ARAA)

AstroDat, November 19, 2019

22/27



Spinning Grains in \-Orionis

F. Galliano (AIM) AstroDat, November 19, 2019 23/27



Spinning Grains in \-Orionis
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Spinning Grains in \-Orionis

Available Data:

Dust SED: AKARI &
DIRBE
photometry (9
to 500 pum).
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Spinning Grains in \-Orionis

Available Data:

Dust SED: AKARI &
DIRBE
photometry (9
to 500 pum).

AME: Planck
collaboration
extraction.

Controversy:

* AME = small rotating
charged grains (Draine &
Lazarian, 1998), most likely
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Spinning Grains in \-Orionis

Available Data:

Dust SED: AKARI &
DIRBE
photometry (9
to 500 pum).

AME: Planck
collaboration
extraction.

Controversy:

* AME = small rotating
charged grains (Draine &
Lazarian, 1998), most likely
PAHs.

® Hensley et al. (2016)
=> rather nanosilicates.

(Bell et al., in press)
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(Bell et al., in press)

® p(paust < ppan) = 1.000
® P(pawst < prans) = 1.000
e p(pean < ppans) = 0.934 = better correlation with PAHT.
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Benchmarking Summary

Simulations to test the performances varying S/N, sample size & SED shape:

® All parameters well recovered;
# Optimal uncertainties;
© Systematically better than x2.

Variations on the reference grid:

€ Very efficient at recovering accurate correlation coefficients;
# Can compensate the lack of spectral coverage;
© External parameters in the prior = accuracy increase.

Prospectives: Further Development & Applications

® Include complex radiative transfer models.
® Same approach to decomposing mid-IR spectra = JWST (Dangning Hu's thesis).
® Application to SPICA (2030s) observations.
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