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Analysing the 21 cm signal from the epoch of reionization with artificial

neural networks
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Improved N eural network

- 14 vs 80 neurons, 70 vs 2400 points in the learning
samples, redshift evolution

- Better determination of the learning parameters
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- Einear Regression

— Another supervised learning method

— Minimization of : Plky, 21), o Pk, 20)
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.~ Regression
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. Regression with Kernel
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'. determmatlon of the hyperparameters
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Reality : Noised
signal




- Effectof the noise on the input
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- Data Preparation

- Use Signal to Noise Ratio
— Choice of correct answer (maximum likelihood)




_ Best Results o this day

With noise
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With noise
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- For Noise-free signals :

* Improvement of the quality of the predictions by a factor 50
e Reconstruction error <1 % (SKA bayesian 1-sigma : ~5 %)

— For Noised signals :

* Improvement of the quality of the predictions by a factor 10

* Error on MaxLikelihood value ~1 % (SKA bayesian 1-sigma :
~10 %)

- What's next :

* Apply to numerical simulation results
 Bayesian Neural Networks




Thank you for your attention
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