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u Introduction and motivation ⚬⚬

u Machine learning  ( CONNECT ) ⚬⚬⚬⚬⚬⚬⚬⚬⚬⚬⚬⚬⚬

u Current and future developments ⚬⚬⚬
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u Why a decay?
u Most particles in SM decay

u Hubble tension

u Simple DCDM→DR model
u 𝜔!"!#$%$ , 𝑓!"!#, Γ!"!#

u Two-body decay to WDM
u DWDM→WDM model
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u Emulation of 𝐶ℓ𝑠
u Weights

u Bias

u Activation

u Architecture
u Fully connected

u Hidden layers

u Nodes

𝑥&'() = 𝐴 𝑥⃗& · 𝑤) + 𝑏)

In
pu

t
la

ye
r

O
ut

pu
t

la
ye

r

Hidden layers
˙ ˝¸ ˚



u Activation function
u ReLU?

u Parameterised ReLU with exponential smoothing – Alsing et al. (2019)

u Loss function
u MSE

u Cosmic variance
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u 𝐶ℓ𝑠 are quite small (< 10"#$)

u Normalization methods
u Logarithmic
u Min-Max
u Standardisation

u Normalisation of inputs
u TensorFlow routine

u Normalisation of outputs
u Custom implementation
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Grid Random Latin Hypercube
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u Many non-relevant models
u Volume ratio in high-dimensional space

u High likelihood near a boundary
u No models share any parameter

u Only a single point on each boundary
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u Most optimal set of points
u Fewer points

u Cover the likelihood

u Drawbacks
u Slow

u Many wasted CLASS computations

u New strategy – More networks!
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u Overlap between iterations
u Wrong point density

u Bias in network

u Filtration of points
u Accept point, 𝑥, from 𝑖=>

iteration if 𝜌) 𝑥 > 𝜌)'( 𝑥

u Problems
u Very localised initial bias
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u Massive neutrinos
u Same excellence!
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u Profile likelihoods
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u Cobaya (Lewis and Torrado) plugin 

u CAMB as alternative to CLASS

u Emulation of matter power spectra




