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Looking For Primordial B-modes with Simons Observatory

The SO Small Aperture Telescopes (SAT) are after
large scales primordial B-modes (see Eric Rosenberg'’s
talk).

Three main pipelines are being developed:

- Cl-based (parametric): Existing code: BBPower,
Ongoing: SOOPERCOOL

- Map-based (parametric): Existing code:
FGBuster/XForecast, Ongoing: BIEEZjER

- NILC (non-parametric): Existing code: BBNILC,
re-implementation: BROOM.

Allows for robustness against different systematic
effects
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The Standard Data Model
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The Mixing Matrix
dp
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Source: Planck Collaboration 2018

Matrix encodes modelled
foreground emission laws:
e modified black-body for
dust
e power law for synchrotron

Variation across the sky is
possible (Errard et al. 2019)




The Spectral Likelihood

We use the spectral likelihood (Stompor et al 2008) to estimate those
parameters and remove foregrounds contamination:

d, = A(B)sp + 1y

—21n Lepec(B) = cst — (A'N"1d)’ (A'N"TA) ' (A'N~14)

fgbuster —

s=(A'N"TA) AN

Can deal with spatial variation, both in noise properties and foreground parameters

Outputs CMB and Foregrounds maps, allowing for residual foreground

marginalization in the cosmological likelihood
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From Component Maps to Cosmology

COMPONENT MAPS
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POWER SPECTRA ESTIMATION

Estimated using Namaster pseudo
spectra approach
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CMB BB spectra
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COSMOLOGICAL ANALYSIS

> The Cl s of the observed CMB map are
modeled as:

éfCMB (r, Alens) = Cgrim(r) + C}CHS( Alens) + NgMB

> Cosmological parameters are inferred
via the likelihood:

C(f;MB CMB
—210g ™™ = Y 27 +1) fiy, o T 108(CE)
z 14

> The foreground maps allow for
marginalisation over the residual dust
spectra by extending the model:

C‘gMB = C‘EMB(r ’ Alens) + AdustédfuSt
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From Component Maps to Cosmology

COMPONENT MAPS POWER SPECTRA ESTIMATION COSMOLOGICAL ANALYSIS
. Estimated usingkl]\lamaster pseudo Cosmological results for one
S = (AtN_lA) A'N"d spectra approac particular simulation:

CMB BB Power Spectra

CMB map
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Alens
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From Component Maps to Cosmology

COMPONENT MAPS

s=(A'NTA) T AN
CMB map

Foreground map

POWER SPECTRA ESTIMATION

Estimated using Namaster pseudo
spectra approach
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COSMOLOGICAL ANALYSIS

We can run the full pipeline on many
simulations efficiently
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MEGATDRY
One of the Main Component Separation PipelineinSO

Pipeline A —— + moments ® opt. noise
—— Pipeline B X pess. noise
Map-based method has been — PipelineC  —— + dust marg.
tested on Simons Observatory
simulations (Wolz et al. 2024): e
m
S 5.0; _

- comparable to other X 25 il
methods: ILC, Cross-spectra S L. 1
parametric method by | 1 il IIT] & I

- Robust to complex = -

-5.0
foregrounds thanks to dust
. . . _7-5 T T T T
marglnahzatlon Gaussian d0s0 dlsl dmsm

Source: Wolz et al 2024
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Simulations with CMB + low
complexity foregrounds (d0s0)
for SO SAT survey using
filtering operator (credit: SO
simulations team).

The filtering is frequency
dependent.

Frequency
[
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HEGATOPY>
Map-Based Parametric Component Separation On Filtered Data

No Filtering, B4 = 1.540+2.37e-03
Filtered data, By =1.530%+5.42e-03
True Value

1.530
Baust

Frequency
H

No Filtering, Bs = -2.997+9.93e-03

Filtered data, Bs =-2.914+7.60e-02
True Value

pshynchrotron

lgnoring the filtering in foreground cleaning and subsequent steps

= Correction of filtering is necessary at the component separation level.
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HEGRTDPZ
Map-Based Parametric Component Separation On Filtered Data

CMB EE Power Spectrum CMB BB Power Spectrum
NA

5
—— No Filtering, noise debiased estimated CMB

- Filtered data, noise debiased estimated CMB

Simulations with CMB + low

i el AN -==- Input CMB BB
complexity foregrounds (d0sO) .- / p
for SO SAT survey using
filtering operator (credit: SO e L
simulations team).
The filtering is frequency
dependent. ax10t ex10! ll'oz 2107 100 ex0r llaz 2107

lgnoring the filtering in foreground cleaning and subsequent steps

= Correction of filtering is necessary at the component separation level.
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Map-Based Parametric Component Separation On Filtered Data
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Simulations with CMB + low
complexity foregrounds (d0s0)
for SO SAT survey using
filtering operator (credit: SO
simulations team).

The filtering is frequency ‘

dependent.

Alens

lgnoring the filtering in foreground cleaning and subsequent steps

= Correction of filtering is necessary at the component separation level.
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FREATTR €
Accounting for Filtering in Component Separation

H
il

Data filtering expressed as linear operator on map space: the -1 =, == =W
Observation matrix (Keck Array, BICEP2 Collaborations 2016) iQ o H e ;
out in S e o
= Opymmy u . / o

Constructed using instrument model and data preprocessing | / R

scheme.

Very large matrix, here for reduced resolution (nside=128):

- 600 000 x 600 000 elements
- >11 GB per map / frequency channel
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MEG
Accounting for Filtering in Component Separatlon

We update the data model to include the observation matrix:
d, = Oppy A(B)sy + 1y
The spectral likelihood is modified accordingly:
—2In Lgpec(B) ~ (A'O'N'd) (A'O'N'OA) ' (A'O'N'd)

e No need for simulations
e Better suited for pixel-based

analysis e High computational cost
e Describes filtering spatial = o Observations matrices need to
variability and correlations S  beavailable
e Optimal noise weighting e Non-linear filtering are trickier
e No need to filter external data to implement

e No assumption of gaussianity
of the foregrounds
17



HEGATDRY)
Accounting for Filtering in Component Separation

We update the data model to include the observation matrix:
dp = Opp/A(ﬁ)Sp/ -+ I,
The spectral likelihood is modified accordingly:

—2In Lypee(B) ~ (A'O'N'd) (A'O'N"'OA)~ (AtOtN\ld)

With a precomputed preconditioner and JAX acceleration using the $&*
framework (see Josquin Errard's talk) we are able to estimate foreground
parameters! (credit: Magdy Morshed)

We can then estimate CMB and foreground maps using (BICEP/Keck
Collaboration 2025):

§ = (A'O'N"'OA)'AN"1d .




HMEGRTDPE
Map-Based Parametric Component Separation On Filtered Data

Running on noiseless CMB + low

— T 7
Filtered data, By =1.531+6.95e-04 Filtered data, Bs =-2.999+1.46e-02

CompleXity fo regrou ndS for SO SAT " : ::::rs:lj:ta, corrected, B4 =1.540%3.24e-07 T ::::rs:hji:ta, corrected, Bs=-3.000+1.03e-07
survey. . R
Filtered using observation matrix for  §
SO (credit: SO simulations team), one
per frequency channel: .
- lgnoring the filtering in foreground =~ R i e

cleaning and subsequent steps
- Including observation matrices
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HEGATOP)

Map-Based Parametric Component Separation On Filtered Data

Running on noiseless CMB + low
complexity foregrounds for SO SAT
survey.

Filtered using observation matrix for
SO (credit: SO simulations team), one
per frequency channel:

- lgnoring the filtering in foreground
cleaning and subsequent steps
- Including observation matrices

1049

Gk

Noiseless CMB EE Power Spectrum

Noiseless CMB BB Power Spectrum

1
——— Filtered data, estimated CMB (Noiseless)
—— Filtered data, corrected, estimated CMB (Noiseless)
--=- Input CMB BB

1074
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HMEGATODR Y
Map-Based Parametric Component Separation On Filtered Data

Il No Filtering (Noiseless)

Running On nOiSEIQSS CMB + |OW [0 Filtered data (Noiseless)
B Filtered data, corrected (Noiseless)
complexity foregrounds for SO SAT

survey.

Filtered using observation matrix for
SO (credit: SO simulations team), one
per frequency channel:

- lgnoring the filtering in foreground
cleaning and subsequent steps
- Including observation matrices
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Conclusion

HEGRTDP

analysis

| is the map-based component separation for the SO SAT

It is a versatile tool and provides cross-check for current and future CMB
experiments.

Including the effect of filtering is necessary.
We are able to correct for it at the map level using observation matrices

Current/future prospects: application on external and internal data!
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Map making

Data model: dt — Ptpmp + 1

.
/ \ \ Noise
M&;} Pointing matrix

Time Ordered ,
Data (TOD) True underlying map

The pointing matrix relates time samples to coordinates on the sky. Itis a
sparse matrix (Tegmark 1997)
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Signal Filtering and Modulation

To simplify the problem, we filter the data to remove possible correlations:

- ground pick-up

. € Unpolarized signal
- scan-synchronous signal =
. ()
- half-wave plate synchronous signal & Demodulated signal
o
HWP modulates polarized signal = helps & >
“whitening the noise” and extract the signal Frequency

Filtered-binned map-making: faster, helps with correlated noise, but is a
biased estimator = Transfer function required to correct the bias.
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Correcting for the Bias (Pixel)

Filtering operations expressed as a linear operator to create an observation
matrix (Keck Array, BICEP2 Collaborations 2016):
out in
m, = O,,m;
0,y = (P'N'P)"'"P'N'ZP

Z encodes the time domain filtering

- Allows to encode spatial variability and correlation from the filtering
- No need for simulation.

- Better suited for pixel based analysis.
- Generating and applying observation matrices is quite costly...
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Map making

Broadly speaking, map-making consists in solving: 1M, = Lptdt

The least square solution is an unbiased estimator that minimises the
variance:

(P Ntt’ Pyy)m P Ntt’ dy

This maximum likelihood technique is however costly. Especially since the
noise can be highly correlated.
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Correcting for the Bias (Power Spectra)

Pass simulations through same pipeline as data and compare with output (e.g.
J.T. Sayre et al. 2020, J.S.-Y. LEUNG et al 2022)

CeII

Requires many simulations

Assumes anisotropy to some extent as it works in Cl
Relatively straight forward. Most relevant for spectra based analysis.
Baseline SO pipeline Hervias-Caimapo et al. 2025
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https://arxiv.org/abs/2502.00946v2

Parametric Component Separation Extensions

This class of parametric method is versatile and can be updated to
accommodate different systematic effects by adding more parameters:

- Half-wave plate and bandpass systematics (Verges et al 2021)
- Polarization angle miscalibration (Jost et al. 2023)
- Inclusion of main beam (Rizzieri et al. 2024)

Outputs both CMB and foreground maps = In cosmological likelihood we can
marginalise over residual foreground spectra estimated from output maps
(Errard et al. 2019)
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The Pipeline: From Frequency Maps to r
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(1 W [FE) with Transfer Function

Provided input @ : 4@

Atomic coadding
maps /bundling

e Noise maps

null maps

mmal  COMP Maps

—

r+o(r)
marginalized over A___,
modeled (fgs) bias, etc.

Simulations (Optienal-step) S® OPERCOSGL




CJ With Transfer Function

After estimating the transfer function T with simulations we update our noise
covariance and pre-process the input data:

N, =T, 'N, dom =T, Pdym

We them proceed with the standard spectral likelihood expressed in harmonic
d O m a i n . Dust.beta d = 1.5433 + 0.013184 Synchrotron.beta_pl = -3.0506 +/- 0.34787

.75 —3.50 -3.25 -3.00
Synchrotron.beta_pl




