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2. The Microwave Sky Model

Detecting primordial B-mode polarization in the CMB Is a major goal In
modern cosmology, as It would provide evidence for an inflationary period.
This requires accurate component separation to disentangle the cosmological
signal from astrophysical foregrounds and instrumental noise. In this work, we
oresent a pixel-based neural network method to address this challenge,

ndependent of the underlying sky geometry and thus suitable for direct
application on spherical data

3. The Neural Network (NN)

Our purpose: To employ a Feedforward Neural Network (FNN) for component
separation using a pixel-based approach.

Basic architecture of the NN:

Epochs - 500, Batch size - 100
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f(z) =RelLU
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PICO satellite: The data simulated for training and validating the NN are based
on the PICO satellite, a study funded by NASA featuring a highly sensitive
maging polarimeter designed to scan the sky for 5 years In 21 frequency
pands. The key specifications used in this work are summarized in Table 1.

The diffuse polarized microwave sky signal (§) at frequency v can be modeled

as the sum of three components: synchrotron (S3), thermal dust (S¢), and CMB
(§5™mb) \whose frequency scalings are:
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—Here §1s Stokes Q or U The amplitudes A§=S'd, N brightness temperature, are
defined at reference frequencies vy = 23 GHz and vy = 353 GHz, and AS™P is in
thermodynamic temperature. The spectral indices B and a are assumed to be

equal for Q and U, Ty Is the dust temperature, and x = with Temp =
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Table 1. PICO specifications

Frequency[GHz| | 21 [ 25 [ 30 [ 36 | 43 [ 52 | 62 | 75 | 90 [108 | 129 | 155 [ 186 | 223 [ 268 | 321 | 385 | 462 | 555 [ 666 | 799

FWHM [arcmin] [384(32.0(283(236(222]184 (128107195 | 79| 74 | 62|43 |36 |32 |26 |25 21|15 | 13| 11
Instrumental
noise

luKcmB
arcmin]

239(184 124 79 | 79 | 57 | 54 | 42 [ 28|23 |21 |18 [40 45| 31 42| 45| 91 |458(|177 1050

4. Results
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Region 1

To evaluate the performance of the NN, we use as
input the matrix Shive, . constructed from the

smoothed original templates, and divide the
analisis into the two regions of the mask shown,
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5. Conclusions

* The results obtained are very promising, given the simplicity of the current
NN. It will be interesting to test its performance with additional layers
and/or neurons.

« Further improvements may be obtained by including information from low-
frequency surveys

« Asnext steps, we will train the NN separately in regions 1 and 2, since their
signal benavior can differ significantly.

« Spatial information could be included in the algorithm by providing the NN
with pixel values at multiple resolutions

« Finally, we plan to assess the robustness of our method by testing it with
other foreground models
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