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Foregrounds obscure the cosmological signals
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Planck: playground for component separation
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New CMB observables
CMB B-mode polarization

• Footprint of primordial gravitational waves of quantum origin

• Direct evidence for inflation epoch in the early Universe

• Informs on the energy scale of inflation (tensor-to-scalar ratio)

?
Primordial gravitational waves from inflation?
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CMB backlight (secondary spectral / spatial distortions)
• Spectral and spatial distortions imprinted on the CMB by the cosmic web

• Scattering by free electrons, atoms and molecules / gravitational lensing by LSS

• CMB “backlight” to probe baryonic and dark matter across the Universe

Cluster lensing

Reionization kSZ

Cluster 
rSZ effect

Resonant 
scattering

CMB lensing

ESA Voyage 2050 White Paper
arXiv:1909.01592
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New CMB observables



CMB lensing

New era of faint signal regimes

Primary B-mode ~ 10 nK ≪ Galactic foreground B-mode ~ 10! nK

Relativistic SZ ~ "
"#

thermal SZ ≪ (Extra)galactic foregrounds

Tiny modelling errors on foregrounds = Large error / bias on the signal!

M. Remazeilles



𝐸𝐸𝑇𝑇

𝐵𝐵lensing

𝐵𝐵tensor?

CMB lensing

New sensitivities

Much more sensitive to imperfect foreground modelling! 
Can we mitigate biases due to foregrounds down to below the noise?

PICO

rSZ?

M. Remazeilles

CMB-S4

rSZ?



New layers of foregrounds complexity

M. Remazeilles

q Lack of spectral information: foregrounds are poorly
known at the sensitivity levels required for these signals

q Spectral distortions of the foregrounds

q Spectral degeneracies

q Foregrounds correlated with the signal of interest



Four consistent Planck CMB maps
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Four consistent Planck CMB maps
stacked on galaxy cluster locations

Thermal SZ cluster residuals in all Planck CMB maps!
Major issue for kinetic SZ, CMB lensing, non-Gaussianity, cross-correlations with LSS

Chen, Remazeilles, Dickinson 
MNRAS 2018 
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Chen & Remazeilles
arXiv:2203.04809

𝜅%&

Planck residual SZ-induced lensing field
Increment of lensing convergence 
in the central part of the clusters

Decrement of lensing convergence 
in the outskirts of the clusters
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Chen & Remazeilles
arXiv:2203.04809

• correlated with LSS at small scale
• anticorrelated with LSS at large scale

Increment of lensing convergence 
in the central part of the clusters

Decrement of lensing convergence 
in the outskirts of the clusters

𝜅%&

Planck residual SZ-induced lensing field
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Chen & Remazeilles
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Planck residual SZ-induced lensing field

scale-dependent bias 
on CMB lensing × LSS 

cross-correlations
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Chen & Remazeilles
arXiv:2203.04809

• correlated with LSS at small scale
• anticorrelated with LSS at large scale

Increment of lensing convergence 
in the central part of the clusters

Decrement of lensing convergence 
in the outskirts of the clusters

𝜅%&

Planck residual SZ-induced lensing field

scale-dependent bias 
on CMB lensing × LSS 

cross-correlations
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FIG. 7.— Biases on CMB lensing power spectra from tSZ clusters. Top left:
power spectra of the tSZ simulations, including those of B13 (blue) and S10
(red). Fainter colors correspond to more aggressive cluster mass cuts. Bottom
left: CMB lensing bias from the four-point function of these reconstructions
as a function of lensing multipole, L. Error bars denote the error on the mean,
based on the scatter from 42 patches of 100 square degrees each. Top right:
Cross correlation between the tSZ and the lensing field  in the simulations.
Bottom right: absolute value of the bias induced from correlation between
the square of the tSZ and the lensing field. The black curves show the lensing
power spectrum multiplied by 0.05.
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FIG. 8.— Amplitude of simulation-derived thermal SZ biases at L = 500.
Left panel: bias from tSZ four-point function; right panel: absolute value
of the (negative) bias from the cross-correlation between tSZ and . Error
bars denote the error on the mean, based on the scatter from 42 patches, each
of 100 square degrees. In the left panel, the black points correspond to the
theoretical biases from the tSZ trispectrum, Eqs. 18 and 12, with errors that
include marginalization over �8 and Ac. The amplitude is lower than in the
simulations because the simulations use a higher �8 and Ac than the theory.

this mass definition is better matched to our theoretical model.
While the amplitudes of the power spectra of the two simu-
lations are comparable, the amplitude of the four-point fea-
ture differs by a factor of ⇠ 1.6. This is commensurate with
real-space measures of kurtosis in the maps (Hill & Sherwin
2013), which differ by a factor of 1.66.

The left panel of Fig. 8 shows the fractional bias on the

lensing power spectrum at L = 500 for the two tSZ sim-
ulations. In order for the four-point bias to be reduced to
sub-precent levels we find that it is necessary to mask to
Mvir . 5⇥ 1014M�.

5.2. The Galaxy Cluster-Lensing Correlation

As with the CIB, the thermal SZ sky is expected to be cor-
related with the CMB lensing field. Since both sets of large-
scale structure-based simulations contain lensing fields which
are obtained from the same dark matter that is used to popu-
late the halos, both will contain a nonzero cross-correlation.
As shown in the top-right panel of Fig. 7, the S10 simulations
(with the updated tSZ model described in Section 3) yield a
tsz- cross-correlation coefficient of 40%, and the B13 model
yields a cross-correlation coefficient of 20%. These values are
for effectively no cluster masking; the reduction in the cross-
correlation when masking is performed is also shown. The
factor of two difference between the tSZ- cross correlation
obtained from the S10 and B13 simulations is likely due to
differences in the modeling of the tSZ effect from the inter-
galactic medium and at high redshifts.

Performing lensing reconstructions on the tSZ fields and
cross-correlating with the input lensing maps leads to a bias
which is negative at L < 2000, and positive at higher L, as
with the CIB. In the bottom-right panel of Fig. 7, we show
the bias from this correlation, for the two sets of simulations,
and for three levels of cluster masking. The values of the
bias at L = 500 are also shown as a function of mask level
in the right panel of Fig. 8. Without cluster masking, this
is a ⇠ 10% bias for both simulations. Masking to Mvir =
5 ⇥ 1014M� reduces the bias to ⇠ 2%, and more aggressive
masking reduces this bias to a sub-percent level.

5.3. Dependence of SZ Bias on Mask Radius

Much of the tSZ four-point bias originates from large, rela-
tively nearby halos. An insufficiently large mask leaves wings
around each large projected cluster, which can become the
dominant source of non-lensing fluctuation in reconstructed
lensing maps. In Fig. 9, we show the bias on the lensing
power spectrum at L = 500 as a function of maximal clus-
ter mass, for various mask sizes. The plateaus seen at low
mass correspond to incomplete masking of large halos, and it
is clear that a mask of at least 5’ radius is necessary for mas-
sive clusters, for percent-level accuracy on the lensing power.
Thus multiple mask sizes may be needed, with larger masks
for nearby clusters.

6. DEPENDENCE OF LENSING BIASES ON MAXIMAL
TEMPERATURE MULTIPOLE

The optimal filter for isolating lensing effects in quadratic
CMB lensing reconstruction, Eq. 5, naturally downweights
the modes in the observed sky with the largest variance. This
can be seen by the presence in the denominator of the fil-
ter of the total power spectrum, Ct

l , which consists of the
CMB, foreground, and noise power. Treating the CMB as
being beam-deconvolved, the noise power spectrum Cnoise

l
increases exponentially at the beam scale, leading to a nat-
ural cutoff for the modes included in the lens reconstruction.
However, for experiments with high angular resolution this
weighting can introduce the effects of foreground trispectra
which become large at high multipoles, l & 2000, where the
CMB becomes relatively faint due to diffusion damping. For
the analysis in all preceding sections we have thus imposed a

van Engelen et al, ApJ (2014) Madhavacheril & Hill 
PRD (2018)

consistent  with 
earlier theoretical 

predictions 



Foreground correlated 
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(e.g. SZ in CMB lensing × LSS)



Component separation: standard NILC
input thermal SZ input CMBinput kinetic SZ

ILC

𝒘 =
𝒂𝐓𝐂"𝟏

𝒂𝐓𝐂"𝟏𝒂

Bennett et al 2003, Tegmark et al 2003 
Eriksen et al 2004, Delabrouille et al 2009

M. Remazeilles

Minimum-variance solution 
not adequate for certain 

scientific purposes!



input thermal SZ input CMBinput kinetic SZ

Error: ILC − CMB

Bennett et al 2003, Tegmark et al 2003 
Eriksen et al 2004, Delabrouille et al 2009

Component separation: standard NILC
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𝒂𝐓𝐂"𝟏
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input thermal SZ input CMBinput kinetic SZ

Error: ILC − CMB

Thermal SZ residuals!
(galaxy clusters in the CMB)

Bennett et al 2003, Tegmark et al 2003 
Eriksen et al 2004, Delabrouille et al 2009

Component separation: standard NILC

𝒘 =
𝒂𝐓𝐂"𝟏

𝒂𝐓𝐂"𝟏𝒂
Minimum-variance solution 

not adequate for certain 
scientific purposes!
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Component separation: “Constrained ILC” (CILC)
input thermal SZ input CMBinput kinetic SZ

Error: CILC − CMB

Remazeilles, Delabrouille, Cardoso, MNRAS 2011a

𝒘 =
(𝒃𝐓𝐂"𝟏𝒃)𝒂𝐓𝐂"𝟏 − (𝒂𝐓𝐂"𝟏𝒃)𝒃𝐓𝐂"𝟏

(𝒂𝐓𝐂"𝟏𝒂)(𝒃𝐓𝐂"𝟏𝒃) − (𝒂𝐓𝐂"𝟏𝒃)𝟐
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Four consistent Planck CMB maps
stacked on galaxy cluster locations

Chen, Remazeilles, Dickinson 
MNRAS 2018 
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CILC

CILC erases SZ clusters in primary CMB maps 
(at the cost of larger noise)



Foreground correlated 
with the signal

(e.g. relativistic SZ)



Relativistic electron temperatures distort 
the shape of the SZ spectrum

Two complementary observables

𝑦(𝑛) , 𝑇)(𝑛)

whose statistics have different 
dependencies on cosmological parameters

𝑻𝐞 ≠ 𝟎

𝐼!"# = 𝑓(𝜈, 𝑇$(𝑛)) 𝑦(𝑛)

Relativistic SZ effect



“First SZ revolution”: 
The Planck Compton 𝑦-map 

𝒚

Southern Northern

Planck 2015 results XXII, A&A (2016)



“Second SZ revolution”: 
The electron temperature 𝑇+-map?

𝒌𝑻𝐞

Southern Northern



Relativistic SZ temperature corrections

The spectral signature of SZ emission from galaxy clusters 
changes with the local electron gas temperature

𝐼!"# = 𝑓(𝜈, 𝑇$(𝑛)) 𝑦(𝑛)



Rescaled 
version

The spectral signature of SZ emission from galaxy clusters 
changes with the local electron gas temperature

Relativistic SZ temperature corrections
𝐼!"# = 𝑓(𝜈, 𝑇$(𝑛)) 𝑦(𝑛)



Rescaled 
version

The 𝑦-𝑇" degeneracy at low frequency
𝐼!"# = 𝑓(𝜈, 𝑇$(𝑛)) 𝑦(𝑛)

Spectral shapes are degenerate
at low frequencies

(impossible to disentangle 𝑦 and 𝑇))



Rescaled 
version

The 𝑦-𝑇" degeneracy at low frequency
𝐼!"# = 𝑓(𝜈, 𝑇$(𝑛)) 𝑦(𝑛)

Spectral shapes are degenerate
at low frequencies

(impossible to disentangle 𝑦 and 𝑇))

High frequencies are 
essential to extract rSZ



How to disentangle the 𝑦 and 𝑇! observables  
of the rSZ effect in sky observations?

rSZ component separation



Spectrum of
𝒚𝑻𝒆

𝒚
component

𝒚𝚫𝑻𝒆
component

Spectrum of
𝒚

𝑰𝝂𝐒𝐙(𝒏) = 𝒇(𝝂, 𝑻𝐞(𝒏)) 𝒚(𝒏)

SZ temperature moment expansion

Remazeilles & Chluba, MNRAS (2020)



Spectrum of
𝒚𝑻𝒆
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Spectrum of
𝒚

𝑰𝝂𝐒𝐙(𝒏) = 𝒇(𝝂, 𝑻𝐞(𝒏)) 𝒚(𝒏)

Taylor expansion around some pivot temperature .𝑻𝐞

𝑰𝝂𝐒𝐙 𝒏 = 𝒇 𝝂, .𝑻𝐞 /𝒚 𝒏 +
𝝏𝒇 𝝂, .𝑻𝐞
𝝏𝑻𝐞

(𝑻𝐞(𝒏) − .𝑻𝐞)𝒚(𝒏) + 𝓞(𝑻𝐞𝟐)

SZ temperature moment expansion

Remazeilles & Chluba, MNRAS (2020)



Taylor expansion around some pivot temperature .𝑻𝐞

𝑰𝝂𝐒𝐙 𝒏 = 𝒇 𝝂, .𝑻𝐞 /𝒚 𝒏 +
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spectrum 
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𝒚
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spectrum 
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𝑰𝝂𝐒𝐙(𝒏) = 𝒇(𝝂, 𝑻𝐞(𝒏)) 𝒚(𝒏)

SZ temperature moment expansion

Remazeilles & Chluba, MNRAS (2020)



Two distinct components of emission, 𝒚 and 𝒚∆𝑻𝐞, 
with different spectral signatures

Taylor expansion around some pivot temperature .𝑻𝒆

𝑰𝝂𝐒𝐙 𝒏 = 𝒇 𝝂, .𝑻𝐞 /𝒚 𝒏 +
𝝏𝒇 𝝂, .𝑻𝐞
𝝏𝑻𝐞

(𝑻𝐞(𝒏) − .𝑻𝐞)𝒚(𝒏) + 𝓞(𝑻𝐞𝟐)

𝒚
component

𝒚𝚫𝑻𝐞
component

𝑰𝝂𝐒𝐙(𝒏) = 𝒇(𝝂, 𝑻𝐞(𝒏)) 𝒚(𝒏)

Remazeilles & Chluba, MNRAS (2020)

SZ temperature moment expansion

spectrum 
of 𝒚𝑻𝐞

spectrum 
of 𝒚



𝒅 𝝂, 𝒏 = 𝒇 𝝂, '𝑻𝐞 )𝒚 𝒏 +
𝝏𝒇(𝝂, '𝑻𝐞)
𝝏𝑻𝐞

(𝑻𝐞(𝒏) − '𝑻𝐞)𝒚(𝒏) + 𝑵(𝝂, 𝒏)

spectrum 
of 𝒚(𝒏)

𝒚(𝒏) spectrum 
of 𝒚𝜟𝑻𝐞(𝒏)

𝒚𝚫𝑻𝐞(𝒏) foregrounds
+ noise

rSZ component separation

Remazeilles & Chluba, MNRAS (2020)



𝒅 𝝂, 𝒏 = 𝒇 𝝂, '𝑻𝐞 )𝒚 𝒏 +
𝝏𝒇(𝝂, '𝑻𝐞)
𝝏𝑻𝐞

(𝑻𝐞(𝒏) − '𝑻𝐞)𝒚(𝒏) + 𝑵(𝝂, 𝒏)

𝒚(𝒏) 𝒚𝚫𝑻𝐞(𝒏) foregrounds
+ noise

signal of interest 
(rSZ)

rSZ component separation

spectrum 
of 𝒚(𝒏) spectrum 

of 𝒚𝜟𝑻𝐞(𝒏)

Remazeilles & Chluba, MNRAS (2020)



𝒅 𝝂, 𝒏 = 𝒇 𝝂, '𝑻𝐞 )𝒚 𝒏 +
𝝏𝒇(𝝂, '𝑻𝐞)
𝝏𝑻𝐞

(𝑻𝐞(𝒏) − '𝑻𝐞)𝒚(𝒏) + 𝑵(𝝂, 𝒏)

𝒚(𝒏) 𝒚𝚫𝑻𝐞(𝒏) foregrounds
+ noise

signal of interest 
(rSZ)

foreground 
correlated with 

the signal!

rSZ component separation

spectrum 
of 𝒚(𝒏) spectrum 

of 𝒚𝜟𝑻𝐞(𝒏)

Remazeilles & Chluba, MNRAS (2020)



𝒅 𝝂, 𝒏 = 𝒇 𝝂, '𝑻𝐞 )𝒚 𝒏 +
𝝏𝒇(𝝂, '𝑻𝐞)
𝝏𝑻𝐞

(𝑻𝐞(𝒏) − '𝑻𝐞)𝒚(𝒏) + 𝑵(𝝂, 𝒏)

𝒚(𝒏) 𝒚𝚫𝑻𝐞(𝒏) foregrounds
+ noise

Component separation with the CILC method (Remazeilles et al MNRAS 2011a)
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Remazeilles & Chluba, MNRAS (2020)
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rSZ component separation
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of 𝒚(𝒏) spectrum 

of 𝒚𝜟𝑻𝐞(𝒏)

Remazeilles & Chluba, MNRAS (2020)
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Remazeilles & Chluba, MNRAS (2020)
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rSZ component separation

spectrum 
of 𝒚(𝒏) spectrum 

of 𝒚𝜟𝑻𝐞(𝒏)

Remazeilles & Chluba, MNRAS (2020)



Why is this new SZ observable so interesting?

𝒚𝚫𝑻𝐞(𝒏) ≡ 𝒚(𝒏)(𝑻𝐞 𝒏 − )𝑻𝐞)

Varying the pivot temperature '𝑻𝐞 in the analysis allows us 
to perform a real temperature spectroscopy of the cluster:

• Decrement if actual temperature 𝑻𝐞 𝒏 < '𝑻𝐞

• Increment if actual temperature 𝑻𝐞 𝒏 > '𝑻𝐞

• Null if actual temperature 𝑻𝐞 𝒏 ≃ '𝑻𝐞

Remazeilles & Chluba, MNRAS 2020



Cluster spectroscopy across temperature

5𝑇) = 10 keV

Remazeilles & Chluba, MNRAS (2020)



5𝑇) = 7 keV

Cluster spectroscopy across temperature

Remazeilles & Chluba, MNRAS (2020)



5𝑇) = 5 keV

Cluster spectroscopy across temperature

Remazeilles & Chluba, MNRAS (2020)



“First SZ revolution”:
cluster spectroscopy across frequencies

Credit: ESA/Planck Collaboration

𝑰𝝂𝑺𝒁 = 𝒇(𝝂)𝒚



colder than 10 keV
(decrement)

hotter than 5 keV
(increment)

closer to 7 keV
(null)

“Second SZ revolution”:
cluster spectroscopy across temperatures

Recovered 𝒚 𝑻𝐞 − .𝑻𝐞 -map for different pivots

Remazeilles & Chluba, MNRAS (2020)



Spectral degeneracies
(e.g. dust and CIB)



Planck 2013 map of Galactic dust

Our Galaxy

CIB contamination 
at small scales!

(background galaxies)

Planck 2013 results XI, A&A 2014

M. Remazeilles



Dust-CIB spectral degeneracy

q Fitting a modified blackbody to Planck multi-frequency data cannot 
help disentangling thermal dust and CIB emissions

q Need to think beyond spectral modelling for component separation

q Instead of relying solely on spectral information, we can use 
statistical information to discriminate between dust and CIB

CIB and thermal dust have 
similar spectral signatures

(modified blackbody)

M. Remazeilles



Breaking the dust-CIB spectral degeneracy

Thermal dust and CIB have 
different angular power spectra!

Thermal dust and CIB have 
similar spectral signatures

(modified blackbody)

M. Remazeilles



GNILC

q Use statistical / spatial information (power spectrum) to break
spectral degeneracies

q Blind, i.e. no assumption about astrophysical foregrounds

sole prior assumption: power spectrum of the cosmological signal

q Wavelet-based
Allow us to optimize component separation depending on the local
variations of the foregrounds across the sky and across angular scales

Remazeilles, Delabrouille, Cardoso, MNRAS 2011b

M. Remazeilles



Our Galaxy

CIB contamination 
at small scales!

(background galaxies)

Planck 2013 results XI, A&A 2014

Planck 2013 map of Galactic dust

M. Remazeilles



Our Galaxy

Planck intermediate results XLVIII, A&A 2016

Planck GNILC map of Galactic dust

M. Remazeilles



Planck GNILC map of CIB fluctuations
Planck intermediate results XLVIII, A&A 2016

M. Remazeilles

”Cosmological dust”

Best template to date 
for CMB delensing

(see A. Challinor’s talk)



Planck 2013 dust Planck GNILC dust
(our Galaxy)

GNILC disentangles Galactic dust and CIB

Planck GNILC CIB
(background galaxies)

GNILC

Planck intermediate results XLVIII, A&A (2016)

Remazeilles, Delabrouille, Cardoso, MNRAS (2011b)

M. Remazeilles
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Search for primordial B-modes
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foregrounds
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primordial 
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Galactic
foregrounds

Search for primordial B-modes



𝐸𝐸
𝑇𝑇

𝐵𝐵lensing

𝐵𝐵(𝑟)? Grav. waves 

Future CMB experiments aim at detecting 𝑟 ≲ 0.001

PICO

CMB-S4

𝐸,-. ≃ 𝑟/0.01 //1 × 10/2 GeV
footprint of 

primordial gravitational waves
predicted by inflation M. Remazeilles



Poor knowledge of the foregrounds
at sensitivity levels of r~0.001 



A variety of plausible foreground skies 
compatible with current polarization data

Planck 2015 results I, A&A 2016
M. Remazeilles

Synchrotron Thermal dust



v Model 91 (d1s1): Planck dust MBB with 𝛽, 𝑇 variations, synchrotron power-law with 𝛽 variations

Planck Collaboration X (2016)

v Model 92 (d4s3a2): Two dust MBBs with 𝑇", 𝑇$ variations, synchrotron curvature, AME 2% polarization

Meissner & Finkbeiner (2015)

v Model 93 (d7s3a2): Physical dust model (not MBB), synchrotron curvature, AME 2% polarization

Hensley (2015)

v Model 96 (MHD): dust and synchrotron derived from MHD, multiple MBBs along the line-of-sight

Kim et al (2019)

v Model 98 (MKD): Multi-layer 3D dust model (decorrelation), MBB layers along the line-of-sight

Martínez-Solaeche et al (2018)

M. Remazeilles

A variety of plausible foreground skies



M. Remazeilles

Some foreground skies are more challenging

PICO: mm/submm All Sky Imaging Polarimetric Survey
• PICO will produce the deepest maps of Stokes I, Q, U 

in 21 frequency bands between 20 and 800 GHz 
• Maps will have resolution between 38’ and 1’.  
   8 maps, >200 GHz: highest resolution, full sky maps   
• Ten redundant surveys: stringent control of systematic 

errors 
• 13,000 transition edge sensor bolometers 
• 5 year survey from L2 
• Noise baseline: 3300 Planck missions (0.87 uK*arcmin) 
• Noise Current estimate: 6400 Planck missions  
   (0.61 uK*arcmin)

NASA/JPL-Caltech

PICO

Aurlien, Belkner, Carron, 
Delabrouille, Eriksen, Fuskeland, 

Galloway, Górski, Hanany, 
Hensley, Lawrence, Pryke, 
Remazeilles, and Wehus

(in preparation)



CMB B-mode versus foregrounds

• Polarization less complex than intensity (fewer
foregrounds) but more challenging (weaker signal)
→ Huge dynamic range in amplitude between

CMB B-modes and foregrounds

→ Component separation much more sensitive to
any slight mismodeling of the foregrounds

• Foregrounds cannot be avoided by narrowing the
frequency range of observations

→ At ~300 GHz, synchrotron and CMB B-modes
with 𝑟 = 0.01 have similar amplitude and color!

→ A broad frequency coverage of the instrument
is essential to break degeneracies

Remazeilles et al, JCAP 2018

M. Remazeilles



Impact on 𝑟 of foreground mismodeling

Remazeilles, Dickinson, Eriksen, Wehus, MNRAS (2016)

Mismatch between the foreground model and the data

Data 𝜈, /𝑛 = 𝑎 𝜈 𝑠UVW /𝑛

+ 𝜈 X! YZ [\ ] 𝑠^_\` /𝑛

+ 𝑓a𝜈X" 𝐵] 𝑇a + 𝑓b𝜈X# 𝐵] 𝑇b 𝑠cd^e /𝑛

+ 𝜀 𝜈 𝑠fVg /𝑛
+ 𝑛 𝜈, /𝑛

Model 𝜈, /𝑛 = 𝑎 𝜈 𝑠UVW /𝑛

+ 𝜈X!𝑠^_\` /𝑛

+ 𝜈X$ 𝐵] 𝑇c 𝑠cd^e /𝑛
+ 𝑛 𝜈, /𝑛

Model Data

Synchrotron curvature

Extra dust MBB

AME polarization

M. Remazeilles



Remazeilles, Dickinson, Eriksen, Wehus, MNRAS (2016)

Impact on 𝑟 of foreground mismodeling
Omitting synchrotron curvature

M. Remazeilles



Impact on 𝑟 of foreground mismodeling
Neglecting AME polarization

Remazeilles, Dickinson, Eriksen, Wehus, MNRAS (2016)

M. Remazeilles



Impact on 𝑟 of foreground mismodeling
Mismodeling two dust graybodies as a single graybody

Remazeilles, Dickinson, Eriksen, Wehus, MNRAS (2016)

M. Remazeilles



Getting evidence of foreground mismodeling?

Remazeilles, Dickinson, Eriksen, Wehus, MNRAS (2016)

M. Remazeilles

2040 M. Remazeilles et al.

Table 3. Maximum likelihood estimate of the tensor-to-scalar ratio r (fourth column) for different experiments for sky
simulations with baseline r = 0.05 (respectively r = 0) and τ = 0.087. Model 0b: no foregrounds, r = 0.05. Model 1a: correct
foregrounds, r = 0.05. Model 1b: incorrect thermal dust, r = 0.05. Model 0a: no foregrounds, r = 0 (no CMB B-modes).
Model 2a: correct foregrounds, r = 0 (no CMB B-modes). Model 2b: incorrect thermal dust, r = 0 (no CMB B-modes). In
addition, mean χ2 values (second column) and normalized χ2 values (third column) from Bayesian parametric fitting for the
separation of the component maps. Nch denotes the number of channels for each experiment (twice the number of frequencies
because of Q and U polarization maps).

Model ID Mean χ2 Mean χ2/Nch Recovered r Experiment

Model 0b 37.51 0.99 0.05271 ± 0.00595 COrE+ Light
41.50 0.99 0.05202 ± 0.00585 COrE+ Extended

r = 0.05 29.48 0.98 0.05107 ± 0.00575 COrE
no foreground 11.53 0.96 0.05132 ± 0.00578 LiteBIRD

65.51 0.99 0.05145 ± 0.00616 PIXIE
13.56 0.97 0.05074 ± 0.00572 EPIC-LC-TES
15.44 0.96 0.05086 ± 0.00583 EPIC-CS
17.44 0.97 0.05096 ± 0.00572 EPIC-IM-4K
39.58 0.99 0.05140 ± 0.00578 PRISM

Model 1a 37.87 1.00 0.05224 ± 0.00800 COrE+ Light
41.71 0.99 0.05132 ± 0.00770 COrE+ Extended

r = 0.05 29.72 0.99 0.04877 ± 0.00715 COrE
correct foreground 11.86 0.99 0.04997 ± 0.00767 LiteBIRD
modelling 65.67 1.00 0.05507 ± 0.00865 PIXIE

14.82 1.06 0.05411 ± 0.00823 EPIC-LC-TES
15.57 0.97 0.04506 ± 0.00730 EPIC-CS
17.65 0.98 0.04989 ± 0.00708 EPIC-IM-4K
39.82 1.00 0.05027 ± 0.00737 PRISM

Model 1b 32.14 1.07 0.08929 ± 0.00766 COrE+ Light
35.90 1.20 0.09218 ± 0.00624 COrE+ Extended

r = 0.05 22.32 1.12 0.08023 ± 0.01045 COrE
incorrect dust 13.19 1.10 0.08428 ± 0.00935 LiteBIRD
modelling 25.86 1.08 0.09711 ± 0.00265 PIXIE

18.47 1.32 0.08113 ± 0.00999 EPIC-LC-TES
15.08 1.08 0.07911 ± 0.01048 EPIC-CS
40.30 2.88 0.09434 ± 0.00485 EPIC-IM-4K
50.44 1.58 0.09446 ± 0.00467 PRISM

Model 0a 37.49 0.99 0.00000 ± 0.00005 COrE+ Light
41.49 0.99 0.00000 ± 0.00002 COrE+ Extended

r = 0 29.47 0.98 0.00000 ± 0.00004 COrE
no foreground 11.52 0.96 0.00000 ± 0.00003 LiteBIRD

65.57 0.99 0.00000 ± 0.00036 PIXIE
13.55 0.97 0.00000 ± 0.00003 EPIC-LC-TES
15.43 0.96 0.00000 ± 0.00022 EPIC-CS
17.44 0.97 0.00000 ± 0.00001 EPIC-IM-4K
39.57 0.99 0.00000 ± 0.00001 PRISM

Model 2a 37.83 1.00 0.00031 ± 0.00024 COrE+ Light
41.66 0.99 0.00016 ± 0.00012 COrE+ Extended

r = 0 29.72 0.99 0.00017 ± 0.00013 COrE
correct foreground 11.85 0.99 0.00020 ± 0.00017 LiteBIRD
modelling 65.66 0.99 0.00056 ± 0.00042 PIXIE

14.88 1.06 0.00033 ± 0.00026 EPIC-LC-TES
15.57 0.97 0.00023 ± 0.00020 EPIC-CS
17.60 0.98 0.00016 ± 0.00013 EPIC-IM-4K
39.78 0.99 0.00019 ± 0.00015 PRISM

Model 2b 32.19 1.07 0.05229 ± 0.01223 COrE+ Light
35.95 1.20 0.06357 ± 0.01332 COrE+ Extended

r = 0 22.42 1.12 0.03453 ± 0.00821 COrE
incorrect dust 13.23 1.10 0.01595 ± 0.01249 LiteBIRD
modelling 25.87 1.08 0.09246 ± 0.00635 PIXIE

18.55 1.33 0.02792 ± 0.00936 EPIC-LC-TES
15.16 1.08 0.03018 ± 0.00699 EPIC-CS
40.38 2.88 0.07251 ± 0.01265 EPIC-IM-4K
50.52 1.58 0.06885 ± 0.01068 PRISM
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Table 3. Maximum likelihood estimate of the tensor-to-scalar ratio r (fourth column) for different experiments for sky
simulations with baseline r = 0.05 (respectively r = 0) and τ = 0.087. Model 0b: no foregrounds, r = 0.05. Model 1a: correct
foregrounds, r = 0.05. Model 1b: incorrect thermal dust, r = 0.05. Model 0a: no foregrounds, r = 0 (no CMB B-modes).
Model 2a: correct foregrounds, r = 0 (no CMB B-modes). Model 2b: incorrect thermal dust, r = 0 (no CMB B-modes). In
addition, mean χ2 values (second column) and normalized χ2 values (third column) from Bayesian parametric fitting for the
separation of the component maps. Nch denotes the number of channels for each experiment (twice the number of frequencies
because of Q and U polarization maps).

Model ID Mean χ2 Mean χ2/Nch Recovered r Experiment

Model 0b 37.51 0.99 0.05271 ± 0.00595 COrE+ Light
41.50 0.99 0.05202 ± 0.00585 COrE+ Extended

r = 0.05 29.48 0.98 0.05107 ± 0.00575 COrE
no foreground 11.53 0.96 0.05132 ± 0.00578 LiteBIRD

65.51 0.99 0.05145 ± 0.00616 PIXIE
13.56 0.97 0.05074 ± 0.00572 EPIC-LC-TES
15.44 0.96 0.05086 ± 0.00583 EPIC-CS
17.44 0.97 0.05096 ± 0.00572 EPIC-IM-4K
39.58 0.99 0.05140 ± 0.00578 PRISM

Model 1a 37.87 1.00 0.05224 ± 0.00800 COrE+ Light
41.71 0.99 0.05132 ± 0.00770 COrE+ Extended

r = 0.05 29.72 0.99 0.04877 ± 0.00715 COrE
correct foreground 11.86 0.99 0.04997 ± 0.00767 LiteBIRD
modelling 65.67 1.00 0.05507 ± 0.00865 PIXIE

14.82 1.06 0.05411 ± 0.00823 EPIC-LC-TES
15.57 0.97 0.04506 ± 0.00730 EPIC-CS
17.65 0.98 0.04989 ± 0.00708 EPIC-IM-4K
39.82 1.00 0.05027 ± 0.00737 PRISM

Model 1b 32.14 1.07 0.08929 ± 0.00766 COrE+ Light
35.90 1.20 0.09218 ± 0.00624 COrE+ Extended

r = 0.05 22.32 1.12 0.08023 ± 0.01045 COrE
incorrect dust 13.19 1.10 0.08428 ± 0.00935 LiteBIRD
modelling 25.86 1.08 0.09711 ± 0.00265 PIXIE

18.47 1.32 0.08113 ± 0.00999 EPIC-LC-TES
15.08 1.08 0.07911 ± 0.01048 EPIC-CS
40.30 2.88 0.09434 ± 0.00485 EPIC-IM-4K
50.44 1.58 0.09446 ± 0.00467 PRISM

Model 0a 37.49 0.99 0.00000 ± 0.00005 COrE+ Light
41.49 0.99 0.00000 ± 0.00002 COrE+ Extended

r = 0 29.47 0.98 0.00000 ± 0.00004 COrE
no foreground 11.52 0.96 0.00000 ± 0.00003 LiteBIRD

65.57 0.99 0.00000 ± 0.00036 PIXIE
13.55 0.97 0.00000 ± 0.00003 EPIC-LC-TES
15.43 0.96 0.00000 ± 0.00022 EPIC-CS
17.44 0.97 0.00000 ± 0.00001 EPIC-IM-4K
39.57 0.99 0.00000 ± 0.00001 PRISM

Model 2a 37.83 1.00 0.00031 ± 0.00024 COrE+ Light
41.66 0.99 0.00016 ± 0.00012 COrE+ Extended

r = 0 29.72 0.99 0.00017 ± 0.00013 COrE
correct foreground 11.85 0.99 0.00020 ± 0.00017 LiteBIRD
modelling 65.66 0.99 0.00056 ± 0.00042 PIXIE

14.88 1.06 0.00033 ± 0.00026 EPIC-LC-TES
15.57 0.97 0.00023 ± 0.00020 EPIC-CS
17.60 0.98 0.00016 ± 0.00013 EPIC-IM-4K
39.78 0.99 0.00019 ± 0.00015 PRISM

Model 2b 32.19 1.07 0.05229 ± 0.01223 COrE+ Light
35.95 1.20 0.06357 ± 0.01332 COrE+ Extended

r = 0 22.42 1.12 0.03453 ± 0.00821 COrE
incorrect dust 13.23 1.10 0.01595 ± 0.01249 LiteBIRD
modelling 25.87 1.08 0.09246 ± 0.00635 PIXIE

18.55 1.33 0.02792 ± 0.00936 EPIC-LC-TES
15.16 1.08 0.03018 ± 0.00699 EPIC-CS
40.38 2.88 0.07251 ± 0.01265 EPIC-IM-4K
50.52 1.58 0.06885 ± 0.01068 PRISM
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Table 3. Maximum likelihood estimate of the tensor-to-scalar ratio r (fourth column) for different experiments for sky
simulations with baseline r = 0.05 (respectively r = 0) and τ = 0.087. Model 0b: no foregrounds, r = 0.05. Model 1a: correct
foregrounds, r = 0.05. Model 1b: incorrect thermal dust, r = 0.05. Model 0a: no foregrounds, r = 0 (no CMB B-modes).
Model 2a: correct foregrounds, r = 0 (no CMB B-modes). Model 2b: incorrect thermal dust, r = 0 (no CMB B-modes). In
addition, mean χ2 values (second column) and normalized χ2 values (third column) from Bayesian parametric fitting for the
separation of the component maps. Nch denotes the number of channels for each experiment (twice the number of frequencies
because of Q and U polarization maps).

Model ID Mean χ2 Mean χ2/Nch Recovered r Experiment

Model 0b 37.51 0.99 0.05271 ± 0.00595 COrE+ Light
41.50 0.99 0.05202 ± 0.00585 COrE+ Extended

r = 0.05 29.48 0.98 0.05107 ± 0.00575 COrE
no foreground 11.53 0.96 0.05132 ± 0.00578 LiteBIRD

65.51 0.99 0.05145 ± 0.00616 PIXIE
13.56 0.97 0.05074 ± 0.00572 EPIC-LC-TES
15.44 0.96 0.05086 ± 0.00583 EPIC-CS
17.44 0.97 0.05096 ± 0.00572 EPIC-IM-4K
39.58 0.99 0.05140 ± 0.00578 PRISM

Model 1a 37.87 1.00 0.05224 ± 0.00800 COrE+ Light
41.71 0.99 0.05132 ± 0.00770 COrE+ Extended

r = 0.05 29.72 0.99 0.04877 ± 0.00715 COrE
correct foreground 11.86 0.99 0.04997 ± 0.00767 LiteBIRD
modelling 65.67 1.00 0.05507 ± 0.00865 PIXIE

14.82 1.06 0.05411 ± 0.00823 EPIC-LC-TES
15.57 0.97 0.04506 ± 0.00730 EPIC-CS
17.65 0.98 0.04989 ± 0.00708 EPIC-IM-4K
39.82 1.00 0.05027 ± 0.00737 PRISM

Model 1b 32.14 1.07 0.08929 ± 0.00766 COrE+ Light
35.90 1.20 0.09218 ± 0.00624 COrE+ Extended

r = 0.05 22.32 1.12 0.08023 ± 0.01045 COrE
incorrect dust 13.19 1.10 0.08428 ± 0.00935 LiteBIRD
modelling 25.86 1.08 0.09711 ± 0.00265 PIXIE

18.47 1.32 0.08113 ± 0.00999 EPIC-LC-TES
15.08 1.08 0.07911 ± 0.01048 EPIC-CS
40.30 2.88 0.09434 ± 0.00485 EPIC-IM-4K
50.44 1.58 0.09446 ± 0.00467 PRISM

Model 0a 37.49 0.99 0.00000 ± 0.00005 COrE+ Light
41.49 0.99 0.00000 ± 0.00002 COrE+ Extended

r = 0 29.47 0.98 0.00000 ± 0.00004 COrE
no foreground 11.52 0.96 0.00000 ± 0.00003 LiteBIRD

65.57 0.99 0.00000 ± 0.00036 PIXIE
13.55 0.97 0.00000 ± 0.00003 EPIC-LC-TES
15.43 0.96 0.00000 ± 0.00022 EPIC-CS
17.44 0.97 0.00000 ± 0.00001 EPIC-IM-4K
39.57 0.99 0.00000 ± 0.00001 PRISM

Model 2a 37.83 1.00 0.00031 ± 0.00024 COrE+ Light
41.66 0.99 0.00016 ± 0.00012 COrE+ Extended

r = 0 29.72 0.99 0.00017 ± 0.00013 COrE
correct foreground 11.85 0.99 0.00020 ± 0.00017 LiteBIRD
modelling 65.66 0.99 0.00056 ± 0.00042 PIXIE

14.88 1.06 0.00033 ± 0.00026 EPIC-LC-TES
15.57 0.97 0.00023 ± 0.00020 EPIC-CS
17.60 0.98 0.00016 ± 0.00013 EPIC-IM-4K
39.78 0.99 0.00019 ± 0.00015 PRISM

Model 2b 32.19 1.07 0.05229 ± 0.01223 COrE+ Light
35.95 1.20 0.06357 ± 0.01332 COrE+ Extended

r = 0 22.42 1.12 0.03453 ± 0.00821 COrE
incorrect dust 13.23 1.10 0.01595 ± 0.01249 LiteBIRD
modelling 25.87 1.08 0.09246 ± 0.00635 PIXIE

18.55 1.33 0.02792 ± 0.00936 EPIC-LC-TES
15.16 1.08 0.03018 ± 0.00699 EPIC-CS
40.38 2.88 0.07251 ± 0.01265 EPIC-IM-4K
50.52 1.58 0.06885 ± 0.01068 PRISM
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Table 3. Maximum likelihood estimate of the tensor-to-scalar ratio r (fourth column) for different experiments for sky
simulations with baseline r = 0.05 (respectively r = 0) and τ = 0.087. Model 0b: no foregrounds, r = 0.05. Model 1a: correct
foregrounds, r = 0.05. Model 1b: incorrect thermal dust, r = 0.05. Model 0a: no foregrounds, r = 0 (no CMB B-modes).
Model 2a: correct foregrounds, r = 0 (no CMB B-modes). Model 2b: incorrect thermal dust, r = 0 (no CMB B-modes). In
addition, mean χ2 values (second column) and normalized χ2 values (third column) from Bayesian parametric fitting for the
separation of the component maps. Nch denotes the number of channels for each experiment (twice the number of frequencies
because of Q and U polarization maps).

Model ID Mean χ2 Mean χ2/Nch Recovered r Experiment

Model 0b 37.51 0.99 0.05271 ± 0.00595 COrE+ Light
41.50 0.99 0.05202 ± 0.00585 COrE+ Extended

r = 0.05 29.48 0.98 0.05107 ± 0.00575 COrE
no foreground 11.53 0.96 0.05132 ± 0.00578 LiteBIRD

65.51 0.99 0.05145 ± 0.00616 PIXIE
13.56 0.97 0.05074 ± 0.00572 EPIC-LC-TES
15.44 0.96 0.05086 ± 0.00583 EPIC-CS
17.44 0.97 0.05096 ± 0.00572 EPIC-IM-4K
39.58 0.99 0.05140 ± 0.00578 PRISM

Model 1a 37.87 1.00 0.05224 ± 0.00800 COrE+ Light
41.71 0.99 0.05132 ± 0.00770 COrE+ Extended

r = 0.05 29.72 0.99 0.04877 ± 0.00715 COrE
correct foreground 11.86 0.99 0.04997 ± 0.00767 LiteBIRD
modelling 65.67 1.00 0.05507 ± 0.00865 PIXIE

14.82 1.06 0.05411 ± 0.00823 EPIC-LC-TES
15.57 0.97 0.04506 ± 0.00730 EPIC-CS
17.65 0.98 0.04989 ± 0.00708 EPIC-IM-4K
39.82 1.00 0.05027 ± 0.00737 PRISM

Model 1b 32.14 1.07 0.08929 ± 0.00766 COrE+ Light
35.90 1.20 0.09218 ± 0.00624 COrE+ Extended

r = 0.05 22.32 1.12 0.08023 ± 0.01045 COrE
incorrect dust 13.19 1.10 0.08428 ± 0.00935 LiteBIRD
modelling 25.86 1.08 0.09711 ± 0.00265 PIXIE

18.47 1.32 0.08113 ± 0.00999 EPIC-LC-TES
15.08 1.08 0.07911 ± 0.01048 EPIC-CS
40.30 2.88 0.09434 ± 0.00485 EPIC-IM-4K
50.44 1.58 0.09446 ± 0.00467 PRISM

Model 0a 37.49 0.99 0.00000 ± 0.00005 COrE+ Light
41.49 0.99 0.00000 ± 0.00002 COrE+ Extended

r = 0 29.47 0.98 0.00000 ± 0.00004 COrE
no foreground 11.52 0.96 0.00000 ± 0.00003 LiteBIRD

65.57 0.99 0.00000 ± 0.00036 PIXIE
13.55 0.97 0.00000 ± 0.00003 EPIC-LC-TES
15.43 0.96 0.00000 ± 0.00022 EPIC-CS
17.44 0.97 0.00000 ± 0.00001 EPIC-IM-4K
39.57 0.99 0.00000 ± 0.00001 PRISM

Model 2a 37.83 1.00 0.00031 ± 0.00024 COrE+ Light
41.66 0.99 0.00016 ± 0.00012 COrE+ Extended

r = 0 29.72 0.99 0.00017 ± 0.00013 COrE
correct foreground 11.85 0.99 0.00020 ± 0.00017 LiteBIRD
modelling 65.66 0.99 0.00056 ± 0.00042 PIXIE

14.88 1.06 0.00033 ± 0.00026 EPIC-LC-TES
15.57 0.97 0.00023 ± 0.00020 EPIC-CS
17.60 0.98 0.00016 ± 0.00013 EPIC-IM-4K
39.78 0.99 0.00019 ± 0.00015 PRISM

Model 2b 32.19 1.07 0.05229 ± 0.01223 COrE+ Light
35.95 1.20 0.06357 ± 0.01332 COrE+ Extended

r = 0 22.42 1.12 0.03453 ± 0.00821 COrE
incorrect dust 13.23 1.10 0.01595 ± 0.01249 LiteBIRD
modelling 25.87 1.08 0.09246 ± 0.00635 PIXIE

18.55 1.33 0.02792 ± 0.00936 EPIC-LC-TES
15.16 1.08 0.03018 ± 0.00699 EPIC-CS
40.38 2.88 0.07251 ± 0.01265 EPIC-IM-4K
50.52 1.58 0.06885 ± 0.01068 PRISM
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CMB experiments with 𝝂 < 𝟑𝟎𝟎 𝐆𝐇𝐳 get 𝝌𝟐 ≃ 𝟏 despite biased 𝒓

𝜒! &𝑛 =)
"

Data 𝜈, &𝑛 − Model 𝜈, &𝑛
!
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Getting evidence of foreground mismodeling?

Remazeilles, Dickinson, Eriksen, Wehus, MNRAS (2016)

M. Remazeilles

CMB experiments with 𝝂 < 𝟑𝟎𝟎 𝐆𝐇𝐳 get 𝝌𝟐 ≃ 𝟏 despite biased 𝒓

How to fool yourself!

Good fit of total emission, not of individual components

Model degeneracies over narrow frequency ranges

Without high frequencies, no chi-square evidence for 
incorrect foreground modelling and biased detection of 𝑟



Spectral distortions 
of the foregrounds



Rethinking current foregrounds parameterizations

modified 
blackbody?

𝝂𝜷𝑩𝝂(𝑻)

power-law?

𝝂𝜷

Baseline SEDs (spectral signatures)
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Rethinking current foregrounds parameterizations

modified 
blackbody?

𝝂𝜷𝑩𝝂(𝑻)

power-law?

𝝂𝜷

Baseline SEDs (spectral signatures)

M. Remazeilles

classic picture
is now obsolete!



Tassis et al, MNRAS (2015)
Pelgrims et al, A&A (2021)

𝜈;*𝐵< 𝑇= + 𝜈;+𝐵< 𝑇> ≠ 𝜈;𝐵< 𝑇

in each single pixel

Spectral distortions of the foreground SEDs
Line-of-sight integration of multiple contributions to thermal dust emission

M. Remazeilles



Remazeilles et al 
MNRAS (2021)

Spectral distortion of the baseline foreground SED

“power-law” at high frequency ⟷ “curved power-law” at low frequency

effective curvature = variance (2nd moment) of the spectral index in the beam

Foreground emission integrated over larger beams at low frequencies

High-resolution high-frequency map Low-resolution low-frequency map

M. Remazeilles

Spectral distortions of the foreground SEDs



• Spectral distortions of the baseline foreground SEDs

• Decorrelation across frequencies

• Augmented list of expected foreground parameters 

Chluba et al MNRAS (2017)
Remazeilles et al MNRAS (2021)

Vacher et al A&A (2022)

Foreground SED distortions

Averaging along the line of sight

Averaging between lines of sight in the beam

𝜈#(𝐵$ 𝑇% + 𝜈#)𝐵$ 𝑇& ≠ 𝜈#𝐵$ 𝑇

M. Remazeilles

Spectral distortions of the foreground SEDs



• Spectral distortions of the baseline foreground SEDs

• Decorrelation across frequencies

• Augmented list of expected foreground parameters 

tiny corrections to foregrounds ≫ CMB B-mode ! 

Chluba et al MNRAS (2017)
Remazeilles et al MNRAS (2021)

Vacher et al A&A (2022)

Foreground SED distortions

Averaging along the line of sight

Averaging between lines of sight in the beam

𝜈#(𝐵$ 𝑇% + 𝜈#)𝐵$ 𝑇& ≠ 𝜈#𝐵$ 𝑇

M. Remazeilles

Spectral distortions of the foreground SEDs



Moment expansion of the foreground emission beyond leading-order SED

𝐼6 E𝑛 = 𝐴 E𝑛 𝑓 𝜈, 𝛽̅ + 𝐴 E𝑛 𝛽 E𝑛 − 𝛽̅ 𝜕7𝑓 𝜈, 𝛽̅ +
1
2𝐴 E𝑛 𝛽 E𝑛 − 𝛽̅ 8𝜕78𝑓 𝜈, 𝛽̅ + ⋯

M. Remazeilles

Extending current foreground parameterizations

Chluba, Hill, Abitbol, MNRAS (2017)
Remazeilles, Rotti, Chluba, MNRAS (2021)

≃ 𝜈, ≃
2ℎ𝜈-

𝑐.
𝜈,

𝑒
/0
12 − 1

synchrotron thermal dust

(leading order)



Moment expansion of the foreground emission beyond leading-order SED
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1
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Extra components (moments)
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Extending current foreground parameterizations
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Moment expansion of the foreground emission beyond leading-order SED
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Extra components (moments)

New SEDs
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Moment expansion of the foreground emission beyond leading-order SED

𝐼6 E𝑛 = 𝐴 E𝑛 𝑓 𝜈, 𝛽̅ + 𝐴 E𝑛 𝛽 E𝑛 − 𝛽̅ 𝜕7𝑓 𝜈, 𝛽̅ +
1
2𝐴 E𝑛 𝛽 E𝑛 − 𝛽̅ 8𝜕78𝑓 𝜈, 𝛽̅ + ⋯

Extra components (moments)

New SEDs
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Chluba, Hill, Abitbol, MNRAS (2017)
Remazeilles, Rotti, Chluba, MNRAS (2021)

Extending current foreground parameterizations
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Residual foreground contamination to CMB B-modes

Remazeilles, Rotti, Chluba, MNRAS (2021)

Deprojecting the foreground moments

M. Remazeilles

Can we augment the routine NILC method for B-modes?
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Residual foreground contamination to CMB B-modes
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cMILC: Constrained version of NILC to deproject the spectral 
moments of the foregrounds arising from line-of-sight averaging

Deprojecting the foreground moments

Remazeilles, Rotti, Chluba, MNRAS (2021)
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Residual foreground contamination to CMB B-modes
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cMILC: Constrained version of NILC to deproject the spectral 
moments of the foregrounds arising from line-of-sight averaging

Deprojecting the foreground moments

Remazeilles, Rotti, Chluba, MNRAS (2021)
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cMILC: Constrained version of NILC to deproject the spectral 
moments of the foregrounds arising from line-of-sight averaging

Deprojecting the foreground moments

Remazeilles, Rotti, Chluba, MNRAS (2021)



(LiteBIRD simulation)
Foreground residuals Noise

Significant reduction of residual 
foreground contamination with cMILC! Increase of noise as a trade-off

Deprojecting the foreground moments

M. Remazeilles
Remazeilles, Rotti, Chluba, MNRAS (2021)



Biased detection 𝑟 ≃ 3×10ij
due to residual foreground 

contamination

Likelihood constraints on 𝑟 = 0
(LiteBIRD simulation)

NILC

M. Remazeilles
Remazeilles, Rotti, Chluba, MNRAS (2021)



Likelihood constraints on 𝑟 = 0
(LiteBIRD simulation)

cMILC (𝑓!"#$,𝑓%&!')

By deprojecting moments, cMILC
progressively erases residual 

foreground biases

M. Remazeilles
Remazeilles, Rotti, Chluba, MNRAS (2021)



Likelihood constraints on 𝑟 = 0
(LiteBIRD simulation)

cMILC (𝑓!"#$,𝑓%&!', 𝜕( 𝑓%&!')

M. Remazeilles

By deprojecting moments, cMILC
progressively erases residual 

foreground biases

Remazeilles, Rotti, Chluba, MNRAS (2021)



Likelihood constraints on 𝑟 = 0
(LiteBIRD simulation)

cMILC (𝑓!"#$,𝑓%&!', 𝜕(𝑓!"#$, 𝜕(𝑓%&!',𝜕) 𝑓%&!')

Deprojecting dust temperature moments 
results in large noise penalty

(LiteBIRD frequencies < 400 GHz)

M. Remazeilles
Remazeilles, Rotti, Chluba, MNRAS (2021)



Likelihood constraints on 𝑟 = 0
(LiteBIRD simulation)

cMILC (𝑓!"#$,𝑓%&!', 𝜕( 𝑓%&!')

Sweet spot ! 
Foreground bias removed without 

paying much noise penalty

M. Remazeilles
Remazeilles, Rotti, Chluba, MNRAS (2021)



Conclusions

M. Remazeilles

q New faint signal regimes for component separation: B-mode, relativistic SZ, etc 

q Poor knowledge of the spectral properties of foregrounds at the targeted sensitivities

q Extended frequency coverage is essential to get evidence of incorrect foreground modelling and 
biased signal detections 

q Huge amplitude discrepancies between foregrounds and signals bring out new challenges:

Tiny modelling errors on foregrounds = large errors/biases on cosmological signals

Spectral distortions of the foregrounds complicate the picture

q “Thinking outside the box” for component separation is needed to overcome these challenges: 

Moment expansion of the foregrounds
Foreground deprojection instead of global variance minimization
Thinking beyond spectral modelling for component separation to tackle spectral degeneracies


