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New CMB signals
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New CMB signals

low-frequency noise and
instrumental systematic effects

galactic and extra-galactic
foregrounds
clusters
white _—
IRERET] atmosphere gravitational
nckes lensing

CMB
polarization
instrument
CMB
B-modes
CMB | AT/T~ 1075
intensity
anisotropies
AT/T ~105
monopole CMB dipole CMB E-modes
T=27K AT/T ~103 AT/T ~ 106

Credit: J. Errard

Better sensitivities
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FOREGROUND AWARENESS TIMELINE

level of concern [arbitrary units]

Time [yrs] (Credit: N. Krachmalnicoff)
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FOREGROUND AWARENESS TIMELINE
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FOREGROUND AWARENESS TIMELINE

there exist regions
clean enough
where to measure

RMS brightness temperature [uKg]
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FOREGROUND AWARENESS TIMELINE
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Foregrounds are much more complex than expected!

Synchrotron is also a problem! .
y g anxiety plateu
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Dust cannot be ignored! /' <\
{iene EXISl heglons \ ® Planck 2018 results and data release
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FOREGROUND AWARENESS TIMELINE

RMS polarization amplitude [uKg]
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FOREGROUND AWARENESS TIMELINE

synchrotron emission seems even more
spatially.complex:than previously
estimated e

High-frequency probes

evidence for further dust complexity
due “line-of-sight” effects
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FOREGROUND AWARENESS TIMELINE

synchrotron emission seems even more
spatially.complex:than previously
estimated

level of concern [arbitrary units]
N
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High-frequency probes

Component separation
becomes crucial to reach
scientific objectives of
all current and future
CMB experiments

evidence for further dust complexity
due “line-of-sight” effects
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Component-separation wishlist

Being able to deal with foreground:
a. projected spatial complexity
b. spectral complexity

Absorb instrumental modelling/mitigate calibration
systematics

Develop robustness tests - diagnostic of goodness of
component separation

Reach the targeted sensitivity for scientific
observables




CMB experiments wishlist

(r+o(r)) x 103

Pipeline A —— + moments ® opt. noise
—— Pipeline B X  pess. noise
Pipeline C  —— + dust marg.
7.5
5.0 1
il l M
0.0 — ll I
i i
—5.0 .
=7.54 r T T T
Gaussian d0s0 dlsl dmsm

LiteBIRD Science Goals and
Forecasts: £ Modes from the
LiteBIRD CMB Polarization Survey

LiteBIRD Science Goals and
Forecasts. Foreground Modeling and
Component Separation (for CMB B
modes)

PIaan
[\ Leach+ (2008)]

Simons Observatory
[ g Wolz+ (2023)]

LiteBIRD
[ M LB Coll. (in prep.)]

e Applying multiple (different) component separation pipelines
e Having additional strategies to mitigate potential foreground and systematic

biases

will allow to validate any potential detection of new observables




Component-separation basis 4
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Raw data Multifrequency Reconstructed Angular power Cosmological

maps CMB spectra parameters



Component-separation from TODs 4
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Multifrequency Reconstructed Angular power Cosmological
maps CMB spectra parameters
Integration of map-making, component separation and
power spectrum estimation in a unified framework
data model g — P |d &n, Avp, @, B, Cr)
Reore < P(ncorr l d, 8, ‘fna Abp, a,ﬁ, C[)
dis = 8js Ptp.Jl ;;ypmlj“ Z M. '(ﬂ["’Alip a;',, i B;\[iﬂ;m( ik YM)‘ * &n — P& |d, g, neor, Abp’ a.p, Cr)
N \\ =1 Aw — P(Anp |d, & Peorsbns @8, Co)
& an + an- ﬁ = P(B I dv g’ nCOn‘s fnv Abp, C[)
a < P(a ld9 8, Reorrs ‘fna Abp’ ﬁ’ C[)
Common C[ &« P(C[ ld’ g’ nCOl‘rs‘fna Abp’a9ﬁ )9
component-separation Gibbs sampling

[M Galloway+ (2022)] parameters



Component-separation from TODs 4
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Multifrequency Reconstructed Angular power Cosmological
maps CMB spectra parameters

Integration of map-making, component separation and
power spectrum estimation in a unified framework

data model

dj.l = gj.lPlp,J [ \ymm Z M '(B[I', Al{) a;'), + Ba:)mm( orb + ?tS])} +
e V&\ s __— Extends a philosophy already adopted in

latest Planck analyses (SRoll, NPIPE):

corr w
+ n;, =+ an.

using astrophysical information to help

common calibrating data and mitigating systematics
component-separation

[I@I Galloway+ (2022)] parameters




Component-separation from TODs 5

[M Paradiso+ (2022)]

_ J Caveat:
End-to-end error propagation ~= .~ "= 5 having a complete and robust model
(both in cosmological parameters ‘ of instrument and sky

and foreground modelling)

Evidence for
multiple dust populations

Robust mitigation of

systematic effects 2L\
(actual component separation
less impacted by instrument systematics)

== =

mKenp

| [\ Watts+ (2022)] [ g Gjerlow+ (2022)]



Component-separation basis 6

@@O

Raw data Multifrequency Reconstructed Angular power Cosmological

U maps CMB spectra parameters

via standard Map-based approaches:

mapmaking

algorithms frequency Mixing sky
maps matrix signals

my, (2)|= B x [ > A (B, Ay)fse (R)|| +n (2)

N T

beam spectral  bandpass
convolution parameters

Algorithms differ in
how and how many components they recover




Component-separation basis 7

— ey
eee
Raw data Multifrequency Reconstructed Angular power Cosmological
maps CMB spectra parameters
via standard Map-based approaches:
mapmaking
algorithms frequency Mixing sky
maps matrix  signals
m,, (1)|= B x (ZA (Be, A)]se (ﬁ)) +n(7)
B noise
- - . [\ Eriksen+ (2004),
Parametric create a model m, (f) and fit it to data Stompor+ (2009),
, L Y o () 2 de la Hoz+ (2020)]
global chi-square minimization NOEDY (mv(”) (f;”’v(”))
o,(n



Parametric approach

global chi-square minimization

baseline:
just fit sky components

0 = {Bec; sc}

Algorithm
Commander (Eriksen+, 2024)
FGBuster (Stompor+, 2009)

B-seCRET (de la Hoz+, 2020)

Methodology
Gibbs sampling
Spectral Likelihood

MCMC sampling




Parametric approach

~ ~ A 2
: . 2/ my(n) — m,(n)
global chi-square minimization XP(h) = E,/: ( o)
baseline: extended:
just fit sky components include parameters for instrumental effects
0 = {607 Sc} 0 = {607 Sc} U {B7 AI/}

(\ ﬁ [M Eriksen+ (2004),

Fit can be affected by Xgﬁ%eﬁzz(f (ggﬁo)

instrument systematics Jost+ (2023)]



Parametric approach

A 2
: . 2/ my(n) — m,(n)
global chi-square minimization XP(h) = Z/: ( o)
baseline: extended:
just fit sky components include parameters for instrumental effects
0 = {60: Sc} 0 = {607 Sc} U {B7 AI/}

/ Advantages

Easily absorb instrument
calibration errors

e Provide estimation at the same
time of all sky components




Parametric approach
global chi-square minimization

baseline:
just fit sky components

0 = {Bec; sc}

/ Advantages

Easily absorb instrument
calibration errors

e Provide estimation at the same
time of all sky components

e Chi-square maps: first
robustness test

extended:

include parameters for instrumental effects

0= {Be, 5} U{B, A}




Parametric approach

~ ~ A 2
: . 2/ my(n) — m,(n)
global chi-square minimization X" (1) = ; < ry
4
baseline: Assumptions:
just fit sky components e Emission model for each sky
0= {5c, Sc} component




Parametric approach

~ A 2
. T . 208\ my (1) — My, ()
global chi-square minimization XP(h) = EV: ( o)
[
baseline: Assumptions:
just fit sky components e Emission model for each sky
= {5c, Sc} component
102 \
— d7-d1 — d12 -d1l

— d10-d1 @3 CMB

Susceptible to the
assumptions underlying the
sky model

RMS B-modes (uKg))

r=0.001 \
1073




Parametric approach

global chi-square minimization

baseline:
just fit sky co ts

e}

U

baseline+: MICMAC
Simplify model assumptions in the mixing matrix

0 = {Af, scus}

[M Leloup+ (2023),
Morshed+ (2024)]

Probability

\
=

I I I
0.000 0.002 0.004 0.0

Probability

!
|,'
.t | |
0.000 0.002 0.004‘ 0.0
tensor-to-scalar ratio r

Colors:
Non-parametric

Parametric

Linestyle:
—— Simple dust (d0)

""" Complex dust (hd4)

Credit: M. Morshed



Parametric approach 10

. A 2
global chi-square minimization i)=Y <mv("; (ﬁT;%(n))
baseline: Limitations: )

Just it sky components e Number of fitted spectral

0 = {607 Sc} parameters coming from trade-off
between residual bias and overall
— vpmae o meongiy | SENSitivity

—— High patches i = 8.51e — 05737 ?; /
[ i\ Kabalan+ (2026)]

1.0
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0.4

0.2

0.0

—0.002 —=0.001  0.000  0.001  0.002 0.003 0.004  0.005
P




Parametric approach

global chi-square minimization

baseline:
just fit sky components

0 = {Bec; sc}

ﬁ [ g Puglisi+ (2022)]

T4 PySM d1

T
T
=

Bs PySM s1

Bq PySM d1
G : \

— —
0 2222 0 1192

e = 37 (AR Ry

v

Limitations:

e Number of fitted spectral
parameters coming from trade-off
between residual bias and overall
sensitivity

LiteBIRD, fs, =0.60

= Avg. FG statistical residuals --- r=0.01
—e— FG residuals bias — r=0.001
== |Lensing B-modes
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Parametric approach 12

~ ~ 2
global chi-square minimization X’ (n) = Z (m”(”i (fg‘”(”))

baseline: Limitations:
just fit sky components e Number of fitted spectral
0 = {06, sc} parameters coming from trade-off
between residual bias and overall
ﬁ sensitivity y
CBB re(107%,4-1079 1.0 —— Multi-res # = 4.05¢ — 04253 =01
— B lens —— This work # = 8.51e — 0535304
10~
0.8
N
107 O,
S 0.6
N B e b o
3, /\/\/\/\ R CS RSt e 5
810" 0.4
1077 0:2
0.0
10! 102 —0.001 0.000 0.001 0.002 0.003 0.004 [ IMI Kabalan+ (2026)]

Multipole ¢




Parametric approach 13

. o 20 N [(mw(R) = (1))
global chi-square minimization X" (1) = ; ( ry
baseline:
just fit sky components
0 = {8, sc}

baseline++:

Including TOD filtering (ground-based experlments)
into the data model

d=0OAs+n
i - .. . . Observation matrix @ accounts for all
[See BaptlStmi 71 (linear) effects of TODs filtering at the
: : - map level




Component-separation basis 14

Raw data Multifrequency Reconstructed Angular power Cosmological

U maps CMB spectra parameters

via standard
mapmaking

algorithms frequency Mixing sky
maps matrix  signals
m,, (1)|= B x (ZA (Be, A)]se (ﬁ)) +n(7)
B noise
Blind (ILC) combine your data and minime variance of contaminants: éi.c(? Zwy

global variance minimization Var($i,c) = Var(seus) + w, (F+ N )W,wy,



Blind (ILC) approach 15

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,
baseline:
applying the formalism in different / \

' - Assumptions:
sub-bases: pixel, harmonic, wavelets ssumptions

e Components are statistically

for CMB reconstruction: independent

Z w, ACMB — 1 e The SED of the component to be
o reconstructed must be known

min Var Zwyd,,] ~
Y Advantages:
T -1 .7
W = [ACMB ACMB] ACMB@ e Simple implementation
— e No affected by sky mismodellin
data covariance y SKy 9

- J




Blind (ILC) approach 17

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,

[M Remazeilles+ (2011), Planck Collab.

(2016)]
Generalized ILC: / \
Use statistical and spatial information to Assumptions:
blindly deproject components with known o
statistical and SED properties (CMB, e Components are statistically

noise, CIB) and reconstruct components independent

il L SEE e The SED of the component to be
reconstructed must be known




Blind (ILC) approach 17

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,
. Thermal dust and CIB have
“i-\!—!‘ R_emazellles-l- (2011)’ Plaan COllab similar spectral signatures Thermal dust and CIB have
(ﬂ (modified blackbody) different angular power spectrum
Generalized ILC: 0
Use statistical and spatial information to cal Dust Cll~fros fimpency 8 3
. . . P Dust model
blindly deproject components with known o ; 1otk o lew o |

statistical and SED properties (CMB,
noise, CIB) and reconstruct components
with unknown SEDs

SED [Jy sr™')

10*E

Ce [J)/2 sr7']

| Planck |

10°k : ) .
, 100 1000
1000

100 1000 Multipole ¢
v [GHz]




Blind (ILC) approach

global variance minimization

[M Rgmazeilles+ (2011), Planck Collab.

(c
Generalized ILC:

Use statistical and spatial information to
blindly deproject components with known

statistical and SED properties (CMB,

noise, CIB) and recons
with unknown SEDs

17

Var(si,c) = Var(scums) + w, (F + N)w,

Thermal dust and CIB have

similar spectral signatures Thermal dust and CIB have
(modified blackbody) different angular power spectrum
107
> ik
Gal. Dust // gt 'Beu%ll‘err\:\co);ler??ﬂ :
7 Dust model
10° s E CIB HFI resol
// 105 L CIB 16 arcmin ® -
y Lo L
P : &
- CIB b
// @
T %4 ra T —— ~>\
| Dust 353 GHz (P13) - Dust 353 GHz (GNILC) = 10°k
SRR . S
‘i- % ’ hek |
BACK GNILC 103k ‘ )
| 100 1000
e Multipole ¢

. Planck 2013 dust .

Planck GNILC dust
(our Galaxy)

CIB 353 GHz (GNILC)

) 3

" Planck GNILC.CIB' -
“(background galaxies) .




Blind (ILC) approach

global variance minimization

[M Rgmazeilles+ (2011), Planck Collab.

Generalized ILC:

Use statistical and spatial information to
blindly deproject components with known
statistical and SED properties (CMB,

18

Var(si,c) = Var(scums) + w, (F + N)w,

CMB and noise
are also deprojected

Fgd residuals - d1s1

Residuals template - d1s1

[ e—— |
-0.10  -0.05 0.00 0.05 0.10
MK

Residuals template - d10s5

[ ee— ]
-0.10  -0.05 0.00 0.05 0.10
MK

Difference - d1s1

i o S s L ALY i L
il SO0 ';?’?2&‘.3@’;‘-_‘?%":;;“4
" a2~

Difference - d10s5

D s gt st g RO R
0 ?.‘c?»»";f%w%_ S | |25 2l
Y &30 », :v_ 3 » " "zl.» > i -

Dust 353 GHz (GNILC)
Patag GILC denoising can be

* used to predict spatial

/ distribution of foreground

residuals after component

separation

Planck GNILC dust
(our Galaxy)

CIB 353 GHz (GNILC)

[M Carones (2025)]

" Planck GNILC.CIB' -
| “(background galaxies) .




Blind (ILC) approach 18

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,
NILC, r=0
—— GAL60
—— GAL40
NILC, r=0
i GAL60
GAL40
L - GILC denoising can be
0 0.0025 0.0075 0.0125 used to predict spatial
r ; : distribution of foreground
B residuals after component
separation
w 10 R
<
05 ] [l Carones (2025)]
0.0

0.002 0004 00 05 10 15
r Ag



19

S0

Statistical deprojection

[DUSt 353 GHz (P13) Dust 353 GHz (GNILC)
L e . ;i“-";‘,u"-‘-. *
e MR GNILC

Planck GNILC dust

0IM

e . Sl
| Planck2013dust
[P ,?{\w-':. % us ¥ (our Galaxy)
CIB 353 GHz (GNILC) |
e ol SO et ! S o
i AR R £
‘ e ; 3 ,?'." E
oy S e, o :' 0.1
[ Planck GNILC.CIB
| (background galaxies) |
R
a2

[M Remazeilles+ (2011), Planck Collab. (2016)]

S1(d) = (ex gy
Sa(d) = (e x i)
Cov|[x * ¥, [x % | % Y] , : : :
Enhanced reconstruction of foregrounds signal exploiting
higher-order statistical information (no assumption on

foreground properties again) by means of WST

S3(A), ) =
T ex v B xRy
Covllx * ' % ™, 1% 0] % 0]

Si(A1, A, A3) =
Bt x * 98Py I % Py




Blind (ILC) approach 20

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,

baseline: ﬂmitations: \

applying the formalism in different : L .
sub-bases: bixel. harmonic. wavelets e Complex spatial variations may limit
- PIX€L, ’ effectiveness of these methods

e Just one component can be

for CMB reconstruction: .
reconstructed each time and no

Z w, ASMB = 1 control on removal of
y components

min Var Zw,,dy] e If impacted by systematics, it is not
v v trivial to implement mitigation

B T 1 —1 7 1 strategies at the
W= [ACMBC ACMB] AcusC k component-separation level /




Blind (ILC) approach 20

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,

baseline: ﬂmitations: \

applying the formalism in different : — —
sub-bases: bixel. harmonic. wavelets e Complex spatial variations may limit
- PIX€L, ’ effectiveness of these methods

T -1 A -1
W = [ACMBC ACMB] AcsC e Just one component can be
reconstructed each time and no
control on removal of
components

» e |[f impacted by systematics, it is not
trivial to implement mitigation

strategies at the
k component-separation level /



https://docs.google.com/file/d/1Dtvh2xOoCROkg-si5e4PKXmJP2c3Q97D/preview

Blind (ILC) approach 20

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,
. Limitations:
baseline:
applying the formalism in different e Complex spatial variations may limit
sub-bases: pixel, harmonic, wavelets effectiveness of these methods
_ —1 _
W = [AgMBC 1ACMB] AgMBC ! New approach for covariance computation.

It adapts to foreground properties

Blind spectral
foreground tracer

J

[ Carones+ (2023)]




Blind (ILC) approach 20

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,
. Limitations:
baseline:
applying the formalism in different e Complex spatial variations may limit
sub-bases: pixel, harmonic, wavelets effectiveness of these methods

New approach for covariance computation.
It adapts to foreground properties

significant reduction of residuals at large scales

Output B - NILC Fgds B - NILC Noise B - NILC .
e Blind spectral

foreground tracer

[ Carones+ (2023)]

é.
M&! :

Output B - (rMC)NILC Fgds B - (rMC)NILC Noise B

-0.5 0.0 05
uK




Blind (ILC) approach 16

global variance minimization Var(si,c) = Var(scums) + w, (F + N)w,
[\ Remazeilles+ (2011)]
ﬂmitations: \
constrained ILC: _ . .
constrain ILC weights to deproject e Complex spatial variations may limit

undesired components or keep more effectiveness of these methods

than one sky component (all with
known SEDs)

e Just one component can be
reconstructed each time and no

_ 1l _
Woo = e’ [ATC’ 1A] ATc—! control on removal of
/ T components
deprojection SEDs of all e If impacted by systematics, it is not
coefficients components of trivial to implement mitigation
full deprojection: interest strategies at the _
e=(100..) component-separation level

full reconstruction:

e=(111..)



Blind (ILC) approach

constrained ILC:

wearc = el [ATCT1A] T ATC!

TSZ deprojection

-

SMICA - 3 *»

—0.02 0.00

0.02

[ |\ Remazeilles+ (2011)]

CMILCO7 foregrounds (LiteBIRD)

-

CcMILCOB foregrounds (LiteBIRD)

16

trade-off between
residual bias and variance

NILC foregrounds {LiteBIRD) NILC nolse (LiteBIRD) NILC CMB B-mode (LiteBIRD)

2
£
(43,55} =
—— —— K v —— K
0. 08 o8 08 o8
<MILCO6 foregrounds (LiteBIRD) cMILCO6 noise (LiteBIRD) cMILCO6 CMB B-mode (LiteBIRD)
L

(-42.55)
—— K
01 0.1

HKecsee

—— K e
0.8 o8

CMILCO7 noise (LiteBIRD)

(-43,.5%)

cMILCO8 CMB B-mode (LiteBIRD)

(-43.-55}

[ —— K v —— K
08 08 o8

[} Remazeilles+ (2021)] 4 eprojection of

foreground moments



Blind (ILC) approach 16

trade-off between
constrained ILC: residual bias and variance

NILC foregrounds (LiteBIRD) NILC nolse (LiteBIRD) NILC CMB B-mode (LiteBIRD)

WoLo = 6T [ATC—IA] —1 ATC—I oS ~ -

~

6B, 50m300p
6ple, 503300 pi
6 pte, 500300,

optimizing deprojection R e R e S e

<MILCO6 foregrounds (LiteBIRD)

Full optimisation of: FES
number of moments to deproject
set of moments to deproject 5 - g :

values of dust pivot spectral indices T — s

deprojection coefficients: CMILCO7 foregrounds (LiteBIRD) mugz; noise (LiteBIRD)
S 107t R . - . 4 5 : .‘ - )
w? - ACMB = — NILC -=-- noise H i §
; 10-3} — ocMiLC —— CMB input , é B :
w - fl = € Lo —— foregrounds ref0.4-1073,4-1073] 2 B, z 1

j § 0.1 oL o 08 o

< = - f2 - 62 — CcMILCO8 foregrounds (LiteBIRD) cMILCO8 nolse (LiteBIRD)

@ :

[€) ‘ A
y ] 2 ]
J . = i
\ w fmfgds e"nfgds 2 i 5 2
- (-43.-55) * (-43,-55) ¥

5 10 50 100 200 500 a1 D o8 o

\g C 2024 L i |
[ i Carones+ (2024)] deprojection of

foreground moments



Collection of ILC approaches

21

https://github.com/alecarones/broom

Microwaves

analysis.

< Installation

Realistic simulations
of any CMB experiment

pip install cmbroom

Angular power spectrum
computation

Component separation
reconstruction of signals with :
° known SEDs (ILCs)

e unknowns SEDs (GILCs)

CMB Foregrounds
e diagnostic
e residuals reconstruction

Skip Ad P

You can install the base package using:

BROOM: Blind Reconstruction Of Observables in the

BROOM is a Python package for blind component separation and Cosmic Microwave Background (CMB) data

[d§ Carones+ (2026)]



https://github.com/alecarones/broom

Component-separation basis 21

Raw data Multifrequency Reconstructed Angular power Cosmological

u maps CMB spectra parameters

via standard Map-based approaches:
mapmaking
algorithms

Blind (template-fitting) Foreground femplates:

global variance minimization { *jz,,g.. oo

(8

ST () = m, () — Z a, (M)ti(n) <



Component-separation basis

Raw data Multifrequency Reconstructed Angular power

u maps CMB spectra

via standard

21

Cosmological
parameters

mapmaking
lgorith
aigortnms Advantages:
Blind (template-fitting) e Robust against spectral mismodelling
. e e Provide CMB maps at multiple
global variance minimization frequenciesil!

o

5P () = my(R) — Z o’ (M)t; argmin((EIVTF)2>
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Raw data Multifrequency Reconstructed Angular power Cosmological

u maps CMB spectra parameters

via standard
mapmaking
algorithms

~

Blind (template-fitting) Limitations:
. . @i e Complex spatial variations may limit
glObaI variance minimization @ effectiveness of these methods

e If impacted by systematics, it is not
ITE (~ - T trivial to implement mitigation
S (R) = my () = > al ()t ; ’

)

v strategies at the
\ component-separation level /
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Raw data Multlfrequency Reconstructed Angular power
maps CMB spectra

Ce-based approaches

Cosmological
parameters



Component-separation basis

——————>

Raw data Multifrequency Reconstructed Angular power

u maps CMB spectra
Ce-based approaches

Parametric -~ !

uuuuu

Ak

A 10} 39x39 GHz
200
) 27239 GHz

500)

(M BK Collab. (2016, 2018), & (=i model
Abitbol+ (2021), N _ e+
Azzoni+ (2021), o
Vacher+ (2022), LIS [ Y T el . & D

. . V 93)(14.;.5041 :"" nsxus"ﬁ';;; Lvyvo IRVE2)
Vinzl+ (in prep.)]
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Cosmological
parameters

—— BK15 baseline
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B W €8S | X
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e/ b
Raw data Multifrequency Reconstructed Angular power Cosmological
u maps CMB spectra parameters
Ce-based approaches

Parametric >
(M BK Collab. (2016,2018), . @
Abitbol+ (2021), A ‘ pee U+ pp _ e, pmB 1o
Azzoni+ (2021), » i — — — ——
Vacher+ (2022), | Baseline data-analysis pipeline for BICEP/Keck and Simons
Vinzl+ (in prep.)] )
Observatory - tested and augmented for LiteBIRD

O\ (@)
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s ; LU
FHEIESIS e os\®
doe /b
Raw data Multifrequency Reconstructed Angular power Cosmological
maps CMB spectra parameters

7

A =] T AT
Parametric /R A /\ /\
/Advantages: 4 ) Limitations:

e Simpler implementation o discard
than map-based spatial e No cleaned CMB maps:
Simoler { d model g (directional) © no map-based robustness
° h|mg|§r oreground modeling an information tests
andiing o no statistical inference
e Simpler correction for
k TOD filtering and systematics k /J /
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eee o S
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Raw data Multlfrequency Reconstructed Angular power Cosmological
maps CMB spectra parameters

Ce-based approaches
Non-parametric  Spectral Matching Independent Component Analysis (SMICA)

Multi-frequency spectra: [See Viet’s talk]
[\ Delabrouille+ (2003), — f f
Ca?:go;g}:l(z%o&, R(f) ACMBACMBC(K) + FPyg (@)F + R, (6)
Tran+ (in prep)] Free parameters

0 = (C((),F,P((), diag(Rx({)))
found by minimizing:
o) =3 25; L[ T(RR(0)) ~ log det (RR™(9)) — n]



SMICA =

—— e e o/l

iy - iy ¢we

FEESID os\®
doe /0

Raw data Multifrequency Reconstructed Angular power Cosmological

u maps CMB spectra parameters

Ce-based approaches

Blind Spectral Matching Independent Component Analysis (SMICA)
“medium complexity”

[M Steier+ (2025)] C M B -S,4_I I ke 104 — spit 104 — spit
/ N -- Non-Split -- Non-Split
spe 3 : 084 — nec=2 084 — Nrc=2
N — N =3 . — N =3
2064 — Nic=4 £061 — nNc=4
Q. Q
Q. Q
0.4 1 0.4 1
0.2- 0.2-
~ //- \ 0.0 0.0
-6 4 2 2 4 6 -3 1 1 3 5 7 9
———] r x1073 r x1073



SMICA o
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Raw data Multifrequency Reconstructed Angular power Cosmological

u maps CMB spectra parameters
Ce-based approaches

Non-parametric Spectral Matching Independent Component Analysis (SMICA)
7 )
/ Advantages: / \

e Robust against sky components o discgrd
mismodelling spatial

: : e (directional)

e Corrections against TOD filtering information

and instrumental systematics is
easy

\ N Y, J

I ]




Summary

New CMB signals

compelling scientific
targets ahead of us

NILC SMICA

SEVEM COMMANDER

Inheriting huge

methodological

developments
from past experiments

Vi

Being able to deal with foreground:
a. projected spatial complexity
b. spectral complexity

Absorb instrumental modelling/mitigate calibration
systematics

Develop robustness tests - diagnostic of goodness of
component separation

Reach the targeted sensitivity for scientific
observables




