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» Introduction and motivation

» Machine learning ( CONNECT)

» Current and future developments
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Decadylng-dark imatfer .- . %04

Why a decaye¢

Most particles in SM decay SHOES  CHP

b,

Hubble tension

Simple DCDM—-DR model

ini WM “P P18 ACTW30

Wacdmr Sfdedmr Tdedm
Two-body decay to WDM

50
DWDM-=-WDM mode| : 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

Year of Publication

'MAPO3 + ‘
WMAP®MAPO7 ~r
WMAPOI Pia "

-
-



. g g Sl SOy

"

» Why a decaye
» Most particles in SM decay

» Hubble tension

NAANN

. DCDM DR
» Simple DCDM—-DR model

» Wgcdm» fdcdmr Tdedm
» Two-body decay to WDM

» DWDM-WDM model
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» Why a decaye
» Most particles in SM decay

» Hubble tension /\ l\ &I\ I\‘

» Simple DCDM—-DR model DM

> Odeamy faedmy ldeam *
» Two-body decay to WDM
» DWDM-WDM model
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» Why a decaye
» Most particles in SM decay

» Hubble tension

_ DWDM
» Simple DCDM—-DR model

ini
P> Wicdmr G dnaRlt e

» Two-body decay to WDM
» DWDM->WDM model
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» Emulation of Cps
» Weights
» Bias

» Activation
xril+1 = A(fn W'+ bi)
» Architecture
» Fully connected
» Hidden layers
» Nodes

Input layer
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..Cholce'of acfivation and.loss ¥

» Activation function
» RelU?¢

» Parameterised RelLU with exponential smoothing — Alsing et al. (2019)

f@ = (? +(1+eP0%) 0 - 7)) oF:

» Loss function
SN =

» Cosmic variance
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e MSE
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C,s are quite small (< 10719)

Normalization methods
» Logarithmic

» Min-Max

» Standardisation

Normalisation of inputs
» TensorFlow routine

Normalisation of outputs
» Custom implementation
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CLASS Cosmic Variance —— Mean Squared Error
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.. -Problems with EHS . .5

» Many non-relevant models

» Volume ratio in high-dimensional space

il Vnsphere i n"/z
© R S on(C

» High likelihood near a boundary

» No models share any parameter

» Only asingle point on each boundary
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| Sampling usingMCMC .~ . 0¥

» Most optimal set of points
» Fewer points
» Cover the likelihood

» Drawbacks
» Slow

» Many wasted CLASS computations

» New strategy — More networks!
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0versampling of regions AR - B 5

A i

= = o |jkelihood
Ist iteration
2nd jteration

» Overlap between iterations
» Wrong point density 7\

» Bias in network

» Filtration of points | 7 s \
» Accept point, x, from ith

iteration if p;(x) > p;j;1(x) [

» Problems

» Very localised initial bias
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Oversampling of regions B

= = o |jkelihood
Ist iteration
2nd jteration

g -, esescsnes Sum
» Overlap between iterations

» Wrong point density /’ \

» Bias in network

» Filtration of points i & %,
» Accept point, x, from ith

iteration if p;(x) > p;j;1(x) [

» Problems

» Very localised initial bias



- P - §
: 3 ¢ .9 ° - .- - » . .- et pé . »

e B A e 3 o Thther “"’:'. s | 272 W

5 . 11/13

0versampling of régions AR - B

- ' - 3 5

= = o |jkelihood
st iteration
2nd jteration

......... Sum

» Overlap between iterations Envelope

» Wrong point density

» Bias in network

» Filtration of points

» Accept point, x, from ith

iteration if p;(x) > p;j;1(x) [

» Problems

» Very localised initial bias
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Overlap between iterations

Discarded  eeeee Accepted % Best-fit ESN Discarded

Wrong point density

Bias in network

Filfration of points
Accept point, x, from it
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Problems

Very localised initial bias
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DCDM model

Near perfect overlap!
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. Results of Hera

DCDM model

Near perfect overlap!
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" Resuli$ of Herdtive sampling . "

DCDM model

Near perfect overlap!

Massive neutrinos

Same excellencel
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DCDM model
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Currenf cma fuiure deVeIopmeht ; g .

» Profile likelihoods
» GPU sampling
» Rewriting likelihoods to TensorFlow

» Emulafing likelihoods

o5 N



..

o" - ‘.’ 7 ‘ "‘... : -.,'..-‘. - &ty -' .

o5 N

° ]3/]3 g

Currenf ané fuiure de\felopmeht 0

Emil’s talk tfoday 17:30

» Profile likelihoods (149)

» GPU sampling
» Rewriting likelihoods to TensorFlow

» Emulafing likelihoods
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» Cobaya (Lewis and Torrado) plugin
» CAMB as alternative to CLASS

» Emulation of matter power spectra
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