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Overview

• Analysis of S-PASS data  
• Validation of FG models for LiteBIRD 
• Neural Networks applied to CMB 
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N. Krachmalnico↵ et al.: The S-PASS view of polarized Galactic Synchrotron at 2.3 GHz

Fig. 6. Upper panel: amplitude of computed power spectra on data for di↵erent multipole bins and sky masks (the color scheme is the same of
Figure 4) as a function of the e↵ective frequency. Filled points refers to EE spectra, empty ones to BB. Curves represent the best model we obtain
when fitting Equation (2) to data (solid and dashed lines for E and B-modes respectively). Lower panel: residuals of the fits normalized to the 1�
error. In both upper and lower panel the points inside the grey shaded area come from the correlation of S-PASS with WMAP/Planck data which,
as described in the text, are not considered in the fitting.
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Fig. 4. Best fit values for the synchrotron SED spectral index �s (upper panel) and PTE coe�cients (lower panel), obtained by fitting the model of
Equation (2) to S-PASS, WMAP and Planck data. Di↵erent point colors and shapes refer to the di↵erent sky regions. The black line and grey area
in the upper plot show the retrieved average value �s = �3.22 ± 0.08.

Fig. 5. Retrieved �s parameter obtained by fitting synchrotron SED model on simulated spectra. Point colors and shapes follows the same scheme
of Figure 4.

We fit the model of Equation 2 to the mean value of the spec-
tra obtained from the simulations. We stress that the synchrotron
signal in our simulations is rigidly rescaled at the di↵erent fre-
quencies considering a constant spectral index �s = �3.1, and
any possible cause of de-correlation among frequencies (other
than noise) is excluded. Therefore, di↵erently to what we have
described previously for data, we fit the SED model on simula-
tions, considering the full set of ten frequencies, including there-
fore also the cross spectra among S-PASS and WMAP/Planck.

Results of the fit are shown in Figure 5. We are able to re-
cover the input value of the �s parameter in all the considered
cases.

4.3. Correlation between S-PASS and WMAP/Planck
polarization maps

In the upper panel of Figure 6 we show the amplitude of EE

and BB spectra we get from data, for all the multipole bins and
sky masks, together with the best fit curves. The lower panel
of the same figure shows the residuals of each fit. In all these

plots the points inside the grey shaded area come from the cross
correlation between the S-PASS polarization maps and the other
three maps at higher frequencies from WMAP and Planck data.

As described in the previous Section, we did not consider
these points while performing the fit. The reason of excluding
them appears clear while looking at the residuals: the majority of
them show a lack of power with respect to the best synchrotron
SED model. In particular, residuals can be more than 4� away
from the best fit curve for the largest masks. On the other hand,
at high latitudes deviations are generally within 2�, and there-
fore not statistically significant. This indicates that S-PASS and
WMAP/Planck maps do not properly correlate in the sky regions
close to the Galactic plane and that, here, some kind of mecha-
nism causing de-correlation is present.

In general, de-correlation may originate either from in-
strumental e↵ects or physical motivations. In our case, sys-
tematics e↵ects can not be the primary source since they
would cause stronger de-correlation where the signal is
weaker, i.e. at high Galactic latitudes, which is opposite to
what we find. For WMAP and Planck, residual intensity-
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�s = �3.22± 0.08
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✦ Constant along the multipole range and for E and B-modes 
✦ In agreement with constraints coming from WMAP and Planck 




Constraints on curvature
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Fig. 7. Constraint on the srun parameter describing the curvature of the synchrotron spectral index in polarization.

Fig. 8. Posterior distribution of the parameters obtained by fitting
the model in 3 to BB power spectra of S-PASS, Planck and WMAP
in the multiple bin at ` ' 50 and for the iso-latitude mask with
|b| > 35�. The fit has been computed by applying a Gaussian prior
on the synchrotron spectral index with �s = �3.13 ± 0.13.

In performing the fit we apply a Gaussian prior on the �s

parameter with �s = �3.13 ± 0.13. This prior is the same
adopted in Planck Collaboration Int. LIV (2018) and has
been obtained as the mean value of the �s computed from
Planck and WAMP data in sky regions with fsky ranging from
24% to 71% and multipole bins from ` = 4 to ` = 160. The
reason for applying this prior is that the �s and srun param-
eters are highly degenerate. Moreover, the constraint on �s

from WMAP and Planck data, on our sky masks, is too weak
for allowing the fit of both parameters simultaneously, with-
out any prior. Since the prior on the �s comes from WMAP and
Planck data, in this case we fix the pivot frequency ⌫0 at 23
GHz.

Figure 7 and Table 3 report the resulting constraints on
the srun parameter, in each multipole bin and sky maps. In all
the cases the srun parameter is compatible with zero at 1.5�
at most, with error bars ranging from 0.07 to 0.14. In Figure
8 we show the posterior distribution from the MCMC fit, in
the particular case at ` ' 50, iso-latitude mask with |b| > 35�
and BB spectrum.

5. Polarized synchrotron spectral index map

In the previous section we describe how we used S-PASS, WMAP
and Planck data to estimate the synchrotron spectral index in the
harmonic domain. In this Section we estimate �s by performing
a pixel based analysis for deriving the corresponding map.

5.1. Procedure

We evaluate the synchrotron spectral index considering again
the simple power law model and fitting the data in the pixel
domain. As before, we consider the S-PASS, WMAP K, Ka and
Planck-LFI 30 GHz polarization maps. Contrary to what we
have done with power spectra, we fix the amplitude of syn-
chrotron at the value measured at 2.3 GHz in the S-PASS data
and fit only for the spectral index �s.

In the pre-processing, we smooth all the maps at the same an-
gular resolution of 2�. We fit for �s in each pixel, after degrading
the input maps at Nside = 256.

We perform the fit on the polarized intensity maps P (with
P =

p
Q2 + U2), in order to avoid e↵ects coming from possible

rotation in the polarization angle with frequency. Nevertheless,
total polarization maps are positively biased, due to the presence
of noise. This bias is negligible for S-PASS which, at the angu-
lar resolution of 2�, has S/N > 5 everywhere on both stokes Q

and U maps. On the contrary, the bias is important for WMAP and
Planck, which have lower signal to noise. If not properly taken
into account, the noise bias can therefore cause a shift of the re-
covered spectral index �s towards higher values (flatter spectra).

In order to obtain an unbiased estimate, we include the pres-
ence of noise while preforming the fit. In particular, in each pixel
we minimize the following function:

f (�s) =
X

⌫i

(P̃⌫i � P⌫i )
2, (4)

where ⌫i 2 [23, 28.4, 33] GHz and P⌫i is the total polarization
amplitude observed on maps at frequency ⌫i. P̃⌫i is computed
starting from the S-PASS polarization maps as:

P̃⌫i =
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where Q2.3 and U2.3 represent the amplitude of S-PASS Stokes
Q and U maps respectively, while n

Q

⌫i and n
U

⌫i are a random real-
ization of white noise, for Q and U, at the frequency ⌫i. These
random realizations are computed from the variance map of
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Fig. 7. Constraint on the srun parameter describing the curvature of the synchrotron spectral index in polarization.

Fig. 8. Posterior distribution of the parameters obtained by fitting
the model in 3 to BB power spectra of S-PASS, Planck and WMAP
in the multiple bin at ` ' 50 and for the iso-latitude mask with
|b| > 35�. The fit has been computed by applying a Gaussian prior
on the synchrotron spectral index with �s = �3.13 ± 0.13.
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from WMAP and Planck data, on our sky masks, is too weak
for allowing the fit of both parameters simultaneously, with-
out any prior. Since the prior on the �s comes from WMAP and
Planck data, in this case we fix the pivot frequency ⌫0 at 23
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Figure 7 and Table 3 report the resulting constraints on
the srun parameter, in each multipole bin and sky maps. In all
the cases the srun parameter is compatible with zero at 1.5�
at most, with error bars ranging from 0.07 to 0.14. In Figure
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the particular case at ` ' 50, iso-latitude mask with |b| > 35�
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and Planck data to estimate the synchrotron spectral index in the
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have done with power spectra, we fix the amplitude of syn-
chrotron at the value measured at 2.3 GHz in the S-PASS data
and fit only for the spectral index �s.
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✦ Strong degeneracy between βs  and srun 
✦ Gaussian prior on spectral index from WMAP and Planck: βs = -3.13±0.13

✦ srun compatible with zero, with 1σ errors between 0.07 and 0.14 
✦ More data at intermediate frequencies are needed (C-BASS in south, QUIJOTE 

and C-BASS in north) 
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Fig. 9. Upper panels: synchrotron spectral index map derived as de-
scribed in the text. Middle panels: 1� uncertainty on �s. Lower panels:
significance of the spectral index variation with respect to �s = �3.2,
corresponding to the value at which the distribution of the �s on map
peaks (see Figure 10). Note that colors are saturated for visualiza-
tion purposes. The complete range of values is: �4.4  �s  �2.5,
�1.6  log10[�(�s)]  0.03, �6  S/N  20

– we add a noise realization representative of WMAP/Planck
noise to the extrapolated maps;

– on this set of simulated maps we estimate the value of the
spectral index �⇤

s
with the procedure used for data;

– we compute the power spectrum of the �di f f = (�⇤
s
� �s)

map (thin grey lines on Figure 11);
– we repeat this procedure a hundred time changing the

noise realizations;
– we evaluate the noise bias as the mean of the obtained one

hundred spectra (black line on Figure 11);
– the unbiased �s spectrum is obtained by subtracting this

mean curve to the spectrum of �s;

Fig. 10. Comparison of the normalized histograms of the synchrotron
spectral index map obtained from data (indigo) and simulation (cyan
line). The dashed line is at �s = �3.2, where the �s distribution peaks
and also represents the reference value of the simulated case.

Fig. 11. Angular power spectrum of the S � PAS S �s map before
(cyan) and after (purple) correction for the contribution of noise.
For a complete description of the Figure see text in Section 5.3.

– error bars on the unbiased spectrum are obtained as the
standard deviation of the hundred noise spectra.

The unbiased spectrum is shown in Figure 11 in purple,
for the four multiple bins not compatible with zero. In or-
der to extrapolate the amplitude of fluctuations at all angu-
lar scales we fit these points with a power law model with
C` / `�, finding a value of � = �2.6±0.2 (dashed purple line).
We also compare our results with the power spectrum of the
synchrotron spectral index map (computed on the same 30%
sky region of our analysis) currently used in the sky mod-
eling for many CMB experiments, i.e. the map included in
the PySM simulation package (Thorne et al. 2017)), shown
in orange on Figure 11. We stress that this map was obtained
combining the first WMAP polarization data with the Haslam
total intensity ones at 408 MHz (Haslam et al. 1981), consid-
ering a model for the Galactic magnetic field, and it includes
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Synchrotron spectral index map

N. Krachmalnico↵ et al.: The S-PASS view of polarized Galactic Synchrotron at 2.3 GHz

Fig. 9. Upper panels: synchrotron spectral index map derived as de-
scribed in the text. Middle panels: 1� uncertainty on �s. Lower panels:
significance of the spectral index variation with respect to �s = �3.2,
corresponding to the value at which the distribution of the �s on map
peaks (see Figure 10). Note that colors are saturated for visualiza-
tion purposes. The complete range of values is: �4.4  �s  �2.5,
�1.6  log10[�(�s)]  0.03, �6  S/N  20

– we add a noise realization representative of WMAP/Planck
noise to the extrapolated maps;

– on this set of simulated maps we estimate the value of the
spectral index �⇤

s
with the procedure used for data;

– we compute the power spectrum of the �di f f = (�⇤
s
� �s)

map (thin grey lines on Figure 11);
– we repeat this procedure a hundred time changing the

noise realizations;
– we evaluate the noise bias as the mean of the obtained one

hundred spectra (black line on Figure 11);
– the unbiased �s spectrum is obtained by subtracting this

mean curve to the spectrum of �s;

Fig. 10. Comparison of the normalized histograms of the synchrotron
spectral index map obtained from data (indigo) and simulation (cyan
line). The dashed line is at �s = �3.2, where the �s distribution peaks
and also represents the reference value of the simulated case.

Fig. 11. Angular power spectrum of the S � PAS S �s map before
(cyan) and after (purple) correction for the contribution of noise.
For a complete description of the Figure see text in Section 5.3.

– error bars on the unbiased spectrum are obtained as the
standard deviation of the hundred noise spectra.

The unbiased spectrum is shown in Figure 11 in purple,
for the four multiple bins not compatible with zero. In or-
der to extrapolate the amplitude of fluctuations at all angu-
lar scales we fit these points with a power law model with
C` / `�, finding a value of � = �2.6±0.2 (dashed purple line).
We also compare our results with the power spectrum of the
synchrotron spectral index map (computed on the same 30%
sky region of our analysis) currently used in the sky mod-
eling for many CMB experiments, i.e. the map included in
the PySM simulation package (Thorne et al. 2017)), shown
in orange on Figure 11. We stress that this map was obtained
combining the first WMAP polarization data with the Haslam
total intensity ones at 408 MHz (Haslam et al. 1981), consid-
ering a model for the Galactic magnetic field, and it includes
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✦ Power law fit in range 2.3 - 33 GHz  
✦ Fit in each pixel in total polarized intensity taking 

into account the noise bias 
✦ Angular resolution of 2°

✦ Sky coverage ~ 30%  
✦ No prior 
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Fig. 28. Distribution of spectral indices for polarized synchrotron (top
panel) and thermal dust (bottom panel) emission as estimated with
Commander without applying any informative Gaussian prior. The syn-
chrotron spectral index shown in this plot is estimated with a 5� FWHM
smoothing scale, and the thermal dust spectral index is estimated with a
3� FWHM smoothing scale. For the thermal dust case, results are shown
both with (green curve) and without (blue curve) applying polarization
e�ciency corrections at 100–217 GHz. The dashed lines in this case
indicate Gaussian fits to the central peak.

full-sky averages. Furthermore, these fits provide a statistically
su�cient model across the full frequency range, as indicated by
the residual spectra shown in the bottom panel of Fig. 31. All
residuals are within 2� of their statistical errors.

The SMICAmeasurements of the polarized thermal dust spec-
tral index are in excellent agreement with the corresponding re-
sults presented in Planck Collaboration XI (2018), based on both
frequency cross-correlation power spectra at high Galactic lati-
tudes and simple colour ratios between the 217- and 353-GHz
channels at low Galactic latitudes. At the same time, �d is lower
by 0.07 or 3� compared to the Commander results presented
above. To understand the origin of these di↵erences, it is instruc-
tive to take a closer look at the 217/353 colour ratio, which is the
fastest, simplest and most transparent estimator available.

The results from this estimator may be summarized as fol-
lows. We subtract one of the cleaned CMB maps from the Planck

Fig. 29. E↵ect on the spectral index of polarized thermal dust emission,
�d, when changing the polarization e�ciency correction at 353 GHz,
✏353. A shift of ✏353 by 1 % translates into a change in �d of 0.013.

Fig. 30. Spatial distribution of the spectral index of polarized thermal
dust emission, �d, as estimated with Commander adopting a smoothing
scale of 3� FWHM. In the top panel no Gaussian prior is applied. In the
bottom panel a Gaussian prior of �d = 1.60 ± 0.10 is applied. In both
cases, the spectral index of synchrotron emission is fixed to �s = �3.1.
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Overview

• Analysis of S-PASS data  
• Validation of FG models for LiteBIRD  
• Neural Networks applied to CMB  
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Validation of FG sky models (for LB but not only)

Q and U RMS of thermal 
dust and synchrotron 
templates as a function of 
the sky masks

thermal dust

synchrotron



OSLO

PSM

PySM

GNILC from temperature?

?

?
Constraints from data:

βd maps

1.60±0.11

1.58±0.07

1.54±0.03

Planck 2018,  XI: 

Planck 2018,  IV: 

βd = 1.53 ± 0.02 
βdP - βdI = 0.05 ± 0.03

βd = 1.55± 0.05

(from spectra)

(from spectra)
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N. Krachmalnico↵ et al.: The S-PASS view of polarized Galactic Synchrotron at 2.3 GHz

Fig. 9. Upper panel: synchrotron spectral index map derived as de-
scribed in the text. Middle panel: 1� uncertainty on �s. Lower panel:
significance of the spectral index variation with respect to �s = �3.2,
corresponding to the value at which the distribution of the �s on map
peaks (see Figure 10). Note that colors are saturated for visualiza-
tion purposes. The complete range of values is: �4.4  �s  �2.5,
�1.6  log10[�(�s)]  0.03, �6  S/N  20

– we start from the S-PASS total polarization map that we ex-
trapolate at WMAP/Planck frequencies using our �s map;

– we add a noise realization representative of WMAP/Planck
noise to the extrapolated maps (following the procedure de-
scribed in Section 4.1.1);

– on this set of simulated maps we estimate the value of the
spectral index �⇤

s
with the procedure used for data;

– we compute the power spectrum of the �di f f = (�⇤
s
� �s) map

(thin grey lines on Figure 11);
– we repeat this procedure a hundred times changing the noise

realizations;

Fig. 10. Comparison of the normalized histograms of the synchrotron
spectral index map obtained from data (indigo) and simulation (cyan
line). The dashed line is at �s = �3.2, where the �s distribution peaks
and also represents the reference value of the simulated case.

Fig. 11. Angular power spectrum of the S �PAS S �s map before (blue)
and after (purple) correction for the contribution of noise. For a com-
plete description of the Figure see text in Section 5.3.

– we evaluate the noise bias as the mean of the obtained one
hundred spectra (black line on Figure 11);

– the unbiased �s spectrum is obtained by subtracting this
mean curve to the spectrum of �s;

– error bars on the unbiased spectrum are obtained as the stan-
dard deviation of the hundred noise spectra.

The unbiased spectrum is shown in Figure 11 in purple, for
the four multiple bins not compatible with zero. In order to ex-
trapolate the amplitude of fluctuations at all angular scales we
fit these points with a power law model with C` / `�, finding a
value of � = �2.6 ± 0.2 (dashed purple line). We also compare
our results with the power spectrum of the synchrotron spectral
index map (computed on the same 30% sky region of our anal-
ysis) currently used in the sky modeling for many CMB exper-
iments, i.e. the map included in the PySM simulation package
(Thorne et al. 2017)), shown in orange on Figure 11. We stress
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-3.12±0.08

-3.00±0.06

Constraints from data:

Planck 2018,  XI: βs = -3.13 ± 0.13
(from spectra)

Planck 2018,  IV: βs = -3.10 ± 0.10
(from spectra)

S-PASS: βs = -3.22 ± 0.08
(from spectra)

S-PASS: βs = -3.20 ± 0.15
(from maps)

C-BASS ?:βs  ~ -3.0 
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Neural Networks
• What are Neural Networks?


‣ mathematical operators able to approximate complex functions that map input into output  

• How do they work?

‣ by recursevly applying non-linear functions to linear combination of input elements 
‣ weights of the linear combination must be optimized during training 
‣ set if inputs for which the output is known is needed to do the training 

• Why to apply NNs to CMB data analysis?

‣ NNs are experiencing fast growth in many field of science 
‣ Many applications (from data flagging to component separation and parameter estimation) could 

be performed with NNs 
‣ Different approach with respect to stadard methods, good for validation!
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NNs for parameter estimation
Krachmalnicoff & Tomasi, 2019, submitted to A&A

https://arxiv.org/abs/1902.04083

• Developed pixel-based alghoritm to apply 
Convolutional Neural Network to HEALPix 
maps

• Able to fit for cosmological parameters directly 
from maps on full/partial sky, from temperature or 
polarization map, and in presence of noise 

• first test on estimation of tau on simple 
simulations showing promising results

N. Krachmalnico↵ and M. Tomasi: Convolutional Neural Networks on the HEALPix sphere

while we have varied the value of the parameter `p in the range of
multipoles between 5 and 20. Examples of these power spectra,
for di↵erent values of `p, are shown in Fig. 13.

To assess the feasibility of CNNs to retrieve cosmologi-
cal parameters under di↵erent conditions, we have estimated
the value of `p in the following cases: on a scalar/tensor field,
with/without noise, in the case of full/partial sky coverage, as
described in the following sections.

Fig. 13. Power spectra computed according to Eq. 7. The `p parameter,
defining the position of the peak, varies in the multipole range 5 � 20.

6.1.1. Application to a scalar field

We have constructed the training, validation and test sets by sim-
ulating maps as random Gaussian realizations of the power spec-
tra defined in Eq. 7 using the synfast module in the healpy pack-
age. We have generated a scalar field projected on the sphere
for each spectrum, corresponding to a temperature map in the
CMB terminology. Maps have been simulated from spectra with
`p randomly chosen from a uniform distribution in the interval
5�20 at the resolution corresponding to Nside = 16. We have not
included noise in this first test.

We have used the working environment described in Sec-
tion 4. We have used 100,000 maps for the training set, and
10,000 maps for the validation set; we have considered di↵er-
ent seeds and `p values for each each map. The network archi-
tecture is the same as the one applied to the MNIST example
(see Section 4.2), with the only exception of the last layer: as
our goal was to estimate the parameter `p, the output layer con-
tained one single neuron. We have trained the network using a
mean squared error as loss function, and we have monitored the
accuracy of the network using the mean percentage error on the
validation set. Training has been done with Adam optimizer and
learning rate decay, as for the MNIST case, on mini-batches of
32 sample. The convergence took place after 70 epochs12, for a
total of about 6 wall-clock hours of training.

We have applied the trained network on a test set, composed
by 1,000 maps simulated as before, and we have compared the
results reached with the network with those obtained with stan-
dard Bayesian method. In the latter case, we have estimated the
`p parameter from the power spectrum of each map of the test
set (computed with the anafast module within healpy), using a
Markov Chain Monte Carlo (MCMC) algorithm to maximize the

12 The code stopped training after 20 epochs without improvement of
the validation loss.

Fig. 14. Comparison of the results obtained in the estimation of the
`p parameter with the neural network and with the MCMC fit, for the
noiseless case and for the three considered noise levels.

following �2 likelihood:

�2 ln L =
X

`

(bC` � eC`)2/�(eC`)2, (8)

where bC` is derived from the reference model (in this case, bC` =
C` from Eq. 7), eC` are computed from the simulated map and
�(eC`) represent their uncertainties. Since we have been running
on simulations, we assume that �(eC`) = �(bC`), with the signal
variance equal to

�(bC`) = bC`

s
2

(2` + 1)
. (9)

We have fitted the power spectra up to `max = (3Nside � 1) = 47.
The mean error obtained with CNN on the test set is ⇠ 1.3 %,

while the error of the MCMC fit is ⇠ 0.7 %. Although the stan-
dard Bayesian method performs about twice as good as the NN,
there are two important considerations to be made, which make
the network performance remarkable:

i. we have not optimized our network architecture, as we have
used the same architecture described in Section 4.2 adapted
to the regression problem. Indeed, as already emphasized,
the goal of our work is not to find the best architecture for a
given problem, but to prove the feasibility of our approach.
An optimized architecture could therefore lead to better re-
sults in the estimation of the `p parameter.

ii. Contrary to the standard maximum likelihood approach ap-
plied to power spectra to fit for the value of `p, the estima-
tion with the network does not make any assumption on the
Gaussianity of the signal.

We have also tested the network performance in the pres-
ence of white noise. We have considered three levels of noise
on maps, with standard deviation �n = 5, 10, 15, corresponding
to a signal-to-noise ratio13 of about 1, 1/2 and 1/3. For each of
the three noise levels, we have trained a new NN, with the same
13 The signal amplitude is defined as the standard deviation of the noise-
less maps computed on the whole training set of 100,000 maps. This
means that the signal-to-noise ratio is slightly di↵erent on each map of
the training set, as the signal is generated from spectra with di↵erent
value of `p, while the noise standard deviation is the same for all maps.

Article number, page 9 of 13

A&A proofs: manuscript no. ms

Fig. 16. Subset of the E-modes power spectra used to generate to po-
larization maps for training, validation and test set on which we run the
neural network. The value of ⌧ changes in the range 0.03�0.08 while all
the other cosmological parameters are fixed to the best ⇤CDM model
from Planck results.

Although the NN average error is larger, we believe that this
result demonstrates that our CNN algorithm could be a feasi-
ble approach to constraint the value of ⌧. Obviously, a complete
analysis to understand its real potentiality is needed, including
the addition of realistic noise, sky masking, optimization of the
NN architecture, error estimation, and so on. However, this is
outside the objective of the present work and is hence deferred
to a dedicated paper.

7. Discussion and conclusions

In this work, we have presented a novel algorithm for the ap-
plication of CNNs to signals projected on the sphere. We con-
sidered the HEALPix tessellation, which allows to easily imple-
ment convolutional and pooling layers on a pixel domain. The
HEALPix pixelization scheme is used in several scientific fields;
therefore, the implementation of e�cient CNN algorithms able
to run on it can be of large interest in several contexts.

Our algorithm presents two main advantages:

i. it allows to build, train and test the CNNs using the existing
highly-optimized neural network libraries, such as PyTorch
and TensorFlow;

ii. since convolution is performed in pixel domain, there is a di-
rect analogy with standard Euclidean convolution: network
architectures built to perform on Euclidean images can be
easily adapted into networks working on spherical domains.

We have built a simple network architecture, which includes
four convolutional+pooling layers. Convolution is therefore ap-
plied to maps at decreasingly lower resolutions, making the net-
work sensitive to feature at di↵erent angular scales. The same
architecture has been adopted for all the applications presented
in this work.

We have first tested the feasibility of our approach on the
recognition of handwritten digits (MNIST dataset) projected on
the HEALPix sphere. Results show that the trained CNN can rec-
ognize handwritten digits that cover large portion of the sphere,
with an accuracy of about 95 %, a performance comparable with
other kinds of spherical NNs. As our network is not spherical
invariant, it must be trained with images projected at di↵erent
positions and orientations on the sphere. When properly done,

the performance of the CNN is independent on the position and
rotation of images. As stressed, the fact that the network is not
rotational invariant should not be seen as a drawback. As a mat-
ter of fact, the orientation of features on the sphere is important
in many contexts and needs to be taken into account.

We have tested our approach also on applications related to
the Cosmology field. In particular, we have applied CNNs to the
estimation of cosmological parameters from CMB simulated ob-
servations, directly from temperature or polarization sky maps.

We have started with the estimation of a “mock” parameter,
`p, defining the angular scales at which the power spectrum of
a Gaussian field projected on the sphere peaks. We have used
the same network architecture applied the MNIST recognition,
changing only input and output layers depending on whether we
fit for the value of `p in temperature or polarization.

For the temperature case (scalar field projected on the
sphere) we have applied the network to both noiseless or noisy
maps, showing that it is able to correctly retrieve the value of `p.
In particular, the reached accuracy is comparable with the one
obtained from the estimation with standard bayesian methods
applied to the angular power spectra computed from maps.

We have applied the same CNN architecture also to maps in
polarization (tensor field projected on the sphere). In this case we
fed the network with pairs of Stokes Q and U maps, retrieving
the values of two parameters `E

p
and `B

p
, representing the angu-

lar scales at which the polarization E and B-mode power spec-
tra peak. The accuracy reached is about four times worse than
for the standard bayesian estimation (percentage error on the re-
trieved `E/Bp values is ⇠ 2.7% against ⇠ 0.7%). This represents
still a remarkable results, demonstrating, for the first, time that
CNNs are able to distinguish and separate polarization states.
We have repeated the test in case of partial sky coverage, apply-
ing sky masks, with retained sky fraction between 50 and 5%, to
the input Q and U maps. The network performs well also under
these conditions, with achieved accuracy closer to the optimal
one for the smaller masks. This shows that mixing between mul-
tipoles and polarization states, occuring from the sky cut, does
not impact the network performance.

Lastly, we have tested the network on the estimation of a real
cosmological parameter: the optical depth of Thomson scatter-
ing at reionization (⌧). This parameter mostly impacts the large
angular scales of E-mode polarized emission. Its estimation is
complicated by the fact that spurious signals, coming from in-
strumental systematic e↵ects or Galactic residual emissions, can
strongly contaminate the cosmological one at low multipoles. As
a matter of fact, among the six cosmological parameters of the
standard ⇤CDM model, ⌧ is the parameter whose value is cur-
rently constrained with the largest uncertainty (Planck Collabo-
ration VI 2018). For these reasons, pairing standard estimation
methods with new ones based on NNs, would be of great impor-
tance to achieve a better constraint and cross check results.

We have applied the same CNN architecture used in the pre-
vious examples to simulated maps, with values of ⌧ in the range
0.03�0.08. We have tested the performance of the network in the
simplest case of full sky and noiseless observations, and without
applying any specific optimization to the CNN architecture. Re-
sults shows that the network is able to reach an accuracy on the
estimation of ⌧ that is ⇠ 1.5 worse than standard Bayesian fitting.

Our findings represent a first step towards the possibility to
estimate ⌧with NNs, and show that our implementation of CNNs
on the sphere represents a valid tool to achieve the goal. Obvi-
ously, a more sophisticated analysis is needed, including com-
plications to make simulations more representative of real data,
such as the introduction of realistic noise, instrumental system-
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Summary and prospective

• S-PASS data analysis at 2.3 GHz

‣ most advance characterization of synchrotron emission in polarization for CMB  
‣ synchrotron is complex  
‣ joint analysis with C-BASS and QUIJOTE  

• FG model validation

‣ ongoing work for LiteBIRD 
‣ important also for other CMB experiments, setting the framework for a common sky modeling 

• NNs applied to CMB

‣ preliminary work proved the feasibility of the approach 
‣ full test on tau to be done soon, with detailed comparison with standard methods in realistic case  
‣ Possibile application also for component separation under study


