RS TRy
.ix"jf‘k '-_I-'u'_ ™ > 1N
T L R .
?i: '.ziP:, o i
B s Ot s
bl T “.- 4 #
A s o

B Building the ultimate Bayesian machine to
interpret cosmological datasets
Guilhem Lavaux (IAP/CNRS) b 8 -'h,-'.- |
for the Aquila Consortium e

University of Oxford, May 7" 2019

x " "- ' (!
S ﬁ_ ,qg i-- . ¢ ’ T
o - - B . T el | g !
4‘1‘.; ?;.\‘,‘ ,_‘ . .t
4‘% ﬂ- s
. N

&
¥ ﬂ.-.:-. 4

f‘ : iy
154
Aquna consortium ( ttps: //aguna -consortium.org)



©CFHT/Coelum/Terapix/AstrOmatic

From pictures... to physics of Universe at large



©CFHT/Coelum/Terapix/AstrOmatic

From pictures... to physics of Universe at large In a handful of model parameters



©CFHT/Coelum/Terapix/AstrOmatic

Ultimately: we want to fit a model to this kind of picture, and the pixel by pixel spectrum



©CFHT/Coelum/Terapix/AstrOmatic

Ultimately: we want to fit a model to this kind of picture, and the pixel by pixel spectrum
That's very challenging, probably impossible — we reduce those datasets



Outline

«" Introduction
«" The chosen path: embrace the complexity

«* First results on 2M++ and SDSS3

«" More models considerations:
* Altair (Alcock Pasczynski test)
* VIRBIUS2 (Flow inference with distance data)
* Lyman alpha
* Neural networks

“" The path forward / Conclusion
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From theory to observations... = 5 o

Model Observations

» Perfect

» Complete description

» Full knowledge of physics
® Did | say perfect ?

Great but messy
We do not understand the physics
e Systematics not fully known

Good attempt by observers to
seemingly make our life easier
end up bad

NS

Various hacking to make sense of data
r ©2012 23y 30 Fiends, o /is. by Unersal Uk WY

...IT SHOLLD BE OKAY
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From theory to observations... = 5 o

Model Observations

» Perfect

» Complete description

» Full knowledge of physics
® Did | say perfect ?

Great but messy
We do not understand the physics
Systematics not fully known

Good attempt by observers to
seemingly make our life easier
end up bad

BORG3

Still far too perfect though... (see later)




The 1deal scheme

Initial conditions  Super-Ramses Hyper-Horizon Virtual Euclid

Image credit: Arturas Slapsys, Horizon AGN collaboration



Initial conditions N-body solver Some magic

RA
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Imaae credits: Paramount Pictures



In practice... L

Imaae credits: Paramount Pictures



The BORG3 inference fram ework

. 1 .
() o< exp <—§ > 10kI?/ Py

k
Initial conditions

Jasche et al. (2010), Jasche & Wandelt (2013), Lavaux & Jasche (2016), Jasche & Lavaux (2017, 2018)



The BORG3 inference fram ework

. 1 .
() o< exp <—§ > 10kI?/ Py

k
Initial conditions

Total evolved matter density  Pm = F 0]

Jasche et al. (2010), Jasche & Wandelt (2013), Lavaux & Jasche (2016), Jasche & Lavaux (2017, 2018)



The BORG3 inference framework = - -

e AR A

A 1 A
() o< exp <—§ > 10kI?/ Py

k
Initial conditions

Total evolved matter density  Pm = F 0]

Biased galaxy distribution Py X Py xP (=(pm/po) ™)

Selected/contaminated sample p;(Z) = S(Z)py(Z)

Random extraction ) )
(i.e. observational metric) Ng < P(pg)  (Poisson, Negative binomial, ...)

Jasche et al. (2010), Jasche & Wandelt (2013), Lavaux & Jasche (2016), Jasche & Lavaux (2017, 2018)



The BORG3 inference framework = - -

[ N he .5 o b8

. 1 A
() o< exp <—§ > 10kI?/ Py
k Fory,
Initial conditi U ang a4
nitial conditions 0
Yoint Moqgy
—

Total evolved matter density  Pm = F 0] \\:
Biased galaxy distribution Py X Py xP (=(pm/po) ™)
Selected/contaminated sample p;(Z) = S(Z)py(Z)
Random extraction . . _
(i.e. observational metric) Ng — 73(,09) (Poisson, Negative binomial, ...)

Jasche et al. (2010), Jasche & Wandelt (2013), Lavaux & Jasche (2016), Jasche & Lavaux (2017, 2018)



The BORG3 inference frameworkf';,.i_,?fffﬁ!‘J;

e & B o b8

. 1 .
() o< exp <—§ > 10kI?/ Py

k
Initial conditions

Total evolved matter density  /m — F 0]

Biased galaxy distribution pg X P exp (—(pm/po) ™ )

Selected/contaminated sample p;(Z) = S(Z)p,(7)

Random extraction . .
(i.e. observational metric) Ng < Ppg)  (Poisson, Negative binomial, ...

Easily exchangeable to try
your favorite differentiable model

Jasche et al. (2010), Jasche & Wandelt (2013), Lavaux & Jasche (2016), Jasche & Lavaux (2017, 2018)



The BORG3 inference framework - -

[ N he o b8

. 1 .
() o< exp <—§ > 10kI?/ Py

k
Initial conditions

Total evolved matter density  Pm = F 0]

Biased galaxy distribution pg X Py, XD (—(Pm/po)~°)

Selected/contaminated sample p7 (7) = S(7)py(7)

Random extraction ) )
(i.e. observational metric) Ng < P(pg)  (Poisson, Negative binomial, ...)

N

Encode survey systematic effects with expansions:  S(Z) = Sp(2) H (1+arFr(2))

Jasche et al. (2010), Jasche & Wandelt (2013), Lavaux & Jasche (2016), Jasche & Lavaux (2017, 2018)



The BORG3 machine

New d;. sample

. Heat/Cool
{ — Large scale structure Bias parameters
urrent .4 samplin _
*‘;’ J Y\ 5 : 5 . (b, po, €, N)e
Adjoint | I| Forwand ic; ¥V, ONL
gradient | model
f;_ Ncu?j linear !I_'K\
/ Nk Data
| | {dn}e
\_ Galaxy distribution &’
N, C - ]
E: }E‘“’ V-C'I]'}H 4 -'-__ . y
Likelihood -' Global velocity e ) /" New bias
distortion / ¢ parameters
Data Vobs L :
{dﬂ }r. )
Hamiltonian sampler




The BORG3 machine

New d;. sample

—

" ._ Heat/Cool

-

{ .

. Current o
G

Large scale structure
sampling

Jin:« v, ONL

Bias parameters

(b, po, €, F‘T)c

Adjoint f
gradient

Data
{dﬁ}c

distribution 4’

Ng,c i o

¥ }ﬂ'“’ Vgﬂ}g ) -'.__ . y /
Likelihood Global velocity avas /" New bias
distortion / ¢ parameters

Vobs £

Gradient is only ~2x more expensive than the forward



Application to 2M++:
Detailed dynamical modeling

i
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Galactic ' ik % ' Galactic

~70 000 galaxies Lavaux & Hudson (MNRAS, 2011)



The model

NACDM Universe with Planck+15 cosmological parameters

2562 initial condition elements

Box of (677.7 Mpc/h)? \ﬁ
5123 particles

Particle mesh solver

Redshift space distortions derived from particle simulations

Bias model:  pg o o5y, exp (—(pm/po) ™)
Selection derived from Schechter luminosity function




Inferred density fields

Equatorial ¥ (h~! Mpc)

Ensemble average density fields at z=0
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Jasche & Lavaux (2019, A&A)



Initial condition powerspectrum

Initial conditions

----- Prior powerspectrum

.....
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Coma dynamical properties

v[10*(Mpch~1)3]
0.05 0.42 1.41 3.35 6.54 11.31
| | | | |

107
3 Coma center
=
&
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Ly -1 4
S 20 Geller et al 1999

Kubo et al 2007
1. Hughes 1989

® The & White 1986
Colless 2006

+ Gavazzi et al. 2009
Falco et al. 2014
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AMpc/h]

Jasche & Lavaux (2019 A&A); Lavaux & Jasche (2019, in prep.); Peirani, Lavaux & Jasche (2019, in prep.)



Coma dynamical properties

v[104(Mpch~1)3] Z
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Zoom simulation on Coma _—
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Jasche & Lavaux (2019 A&A); Lavaux & Jasche (2019, in prep.); Peirani, Lavaux & Jasche (2019, in prep.)



Zoomed coma

Jasche & Lavaux (2019 A&A); Lavaux & Jasche (2019, in prep.); Peirani, Lavaux & Jasche (2019, in prep.)
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Inferred velocity fields
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Jasche & Lavaux (2019, A&A)



Galactic

Jasche & Lavaux (2019, A&A)



More applications

Magnetic field in our backyard generated

by primordial mechanisms

Hutschenreuter et al. (2018, CQG)

“Fifth-force” constraints

Desmond et al.
(2018abc, PRD, MNRASL)
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SDSS3 data

Panstarrs

SDSS DR12 galaxy sample

~1.6 millions of galaxies




psfWidth

Star densities




Robust likelihood

Each count in 3d patch ¥ Poisson probability

Yield a new effective likelihood
A
PUNY{Ah < T 1] 5 *
jE€patch 7*J

patch :€patch

Map of the patches on the sky ...Extruded in 3d

Colour indexng
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Porqueres, Ramanah, Jasche & Lavaux (2018)



Pik) [h~= Mpc?]

Robust inference of contaminated data

105 J —~~- Prior power spectrum
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Porqueres, Ramanah, Jasche & Lavaux (2018)



Inference results: density and P(k)

Preliminary

Ensemble mean density

Standard deviation
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Inference results: density and P(k). = =

Preliminary
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Inference results: density and P(k)
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Application to CMB lensing

0.015
Preliminary —— Planck 15 X BORG (SDSS - Il , DR12)
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|~ cross-
0.010 A .
. correlation
Estimated error from /
hﬂ(:hﬂC: -‘~§--~\
0.005 A

N

Expected

Convergence 0.000 -

KPlanck

—0.005 -
—0.010 -
—0015 I I I I I I I
—0.008 —0.006 —0.004 —0.002 0.000 0.002 0.004 0.006 0.008
Convergence
K

BORG / CMASS



i
=

P

v
)
S
S
G
<))
(@)
lm
=
=
Qo
=
Q
S
o
=




Highlights of the Aquila constellation’« 4

Universe expansion test

Bias model theory X .Statistical methods

: : Lyman-a forest modelin
Sunyaev-Zel’dovich y g

Bias model with Neural network

AqUila AR Bl tiontwith! Neural network

Distance data modeling/Velocity inference

Fifth force, M

© AlltheSky.com

Image credit Till Credner - Own work: AlltheSky.com


https://commons.wikimedia.org/wiki/User:Till_Credner
http://www.allthesky.com/constellations/visualconstellations.html

Use expansion of Universe (A/P)_ff.*.;;;_’_{-

Cosmology

Model Observations
comoving coordinates ﬁ sphencal/spectroscoplc
o coordinates




Use expansion of Universe (A/P) -

Model
comoving coordinates

Cosmology

S .

Q

Observations
spherical/spectroscopic
coordinates

Added in BORG as density remapping:
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Scaled redshift
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Ao Final density field [, = 0. 900, w= — 1.000]
3500
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0 500 1000 1500 2000 2500 3000 3500 4000
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dﬁtl-‘il

Kodi Ramanah, Lavaux, Jasche, Wandelt (2019, A&A)

Movie Credit: Doogesh K. Ramanah




A/P: mock test

—— BAO (SDSS — III, DR12)

. //ALT R (AP)

—0.8 1
S —1.0

—0.98
—b2 9 1004
_144-1.02 :
' 0.30 0.31 0.32

0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50
Szl’ﬂ

Source of additional information:
complete use of all the modes, and high order statistics

Kodi Ramanah, Lavaux, Jasche, Wandelt (2019, A&A)



A/P: mock test

Constraints resilient to isotropic prior biases

Good prior Bad prior
Modified prior P(k) (2, = 0.40, wy = —0.85)
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Kodi Ramanah, Lavaux, Jasche, Wandelt (2019, A&A)



Highlights of the Aquila Constellatlon._ima»

Bias model theoty A .Statistical methods

: Lyman-a forest modelin
Sunyaev-Zel’dovich y g
Bias model with Neural network

AqUila  Fast Bl Gionwith: Netica). network

Distance data modeling/Velocity inference

© AlltheSky.com

Image credit Till Credner - Own work: AlltheSky.com


https://commons.wikimedia.org/wiki/User:Till_Credner
http://www.allthesky.com/constellations/visualconstellations.html

Distance data/velocity inference: - - &

Cosmic flows from observed distances cz~ Hd+ Uy
: / Supernovae la
Spectroscopic redshift Tully-Fisher

Fundamental plane

VIRBIUS1 model (Lavaux 2016), VIRBIUS2 (Fuhrer & Lavaux 2019 in prep.)



Distance data/velocity inference - -

cz~H + v, ———
A

Cosmic flows from observed distances

Spectroscopic redshift

Model include:

redshift cut selection /
mixture error distribution

/ Supernovae la

Tully-Fisher
Fundamental plane

Stochastic

Gaussian random field cosmic velocity field

> Velocity model

zero point calibration

Application: 6dFv + Spitzer data (from CosmicFlows 3 database, Tully et al. 2016)

VIRBIUS1 model (Lavaux 2016), VIRBIUS2 (Fuhrer & Lavaux 2019 in prep.)




VIRBIUS2: inferred maps

Reconstructed velocity divergence
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VIRBIUS2: mixure error dlstrlbutln .

Amplitude of velocity residuals

Type 1
Type 2
Probability
Density
distribution
100 200 300 400 500 600 700

o [km/s]

Fuhrer & Lavaux 2019 in prep.



VIRBIUS?Z2 distances
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Fuhrer & Lavaux 2019 in prep.



VIRBIUS?2 redshifts

40 1 ——
— redshift cut Full redshift distribution

35 1 reconstructed redshifts .
. before/after inferrence
observed redshifts
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Highlights of the Aquila constellation= s

ne

Bias model theoty A .Statistical methods

Lyman-Q forest modeling

Sunyaev-Zel’dovich
Bias model with Neural network

AqUila  Fast Bl Gionwith: Netica). network

Fi_fth fe Magn

e,
r

© AlltheSky.com

Image credit Till Credner - Own work: AlltheSky.com


https://commons.wikimedia.org/wiki/User:Till_Credner
http://www.allthesky.com/constellations/visualconstellations.html

Lyman-a forest: generic inferenc%ef"__;}.f{

Porqueres et al. (2019, in prep.)
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Lyman-a forest: cluster mass prO}fiIﬁ__',.'_e'g I

—— fiducial
inferred

.

3D structures: AP test
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Porqueres et al. (2019, in prep.)

Cluster triaxiality
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Highlights of the Aquila constellation’s/«

Bias model theoty ‘ A .Statistical methods

Sunyaev-Zel’dovich
; Bias model with Neural network

Aqlula | Fast'simulation with Neural network

© AlltheSky.com

Image credit Till Credner - Own work: AlltheSky.com


https://commons.wikimedia.org/wiki/User:Till_Credner
http://www.allthesky.com/constellations/visualconstellations.html

Neural networks painting

BORG large-scale-structure model

Initial conditions

Approximate dynamics

Halo painting

‘ Observations I

Ramanah, Charnock, Lavaux (2019, PRD submitted)




Initial conditions

1000

200 1! Mpc

Approximate dynamics

Difference from truth

Halo painting

Observations

Ramanah, Charnock, Lavaux (2019, PRD submitted)

5000

2000

Projected predicted halo counts

750 1000 1250
x [h~! Mpc]

1500

1750




Highlights of the Aquila constellation’s/x&

Bias model theoty .Statistical methods

Sunyaev-Zel’dovich

Bias model with Neural network

Aquila

© AlltheSky.com

Image credit Till Credner - Own work: AlltheSky.com


https://commons.wikimedia.org/wiki/User:Till_Credner
http://www.allthesky.com/constellations/visualconstellations.html

Neural networks inference

| * Exchange binning for distribution
function

* Allow neural network to capture
non-local Information

* Attached to the BORG machine

(lots of other work on IMNN, DELFI, N-body emulator...)



Conclusion




The Aquila consortium

* Founded in 2016

* Gather people interested in working with each other on developing the Bayesian pipelines
and run analysis on data.

https://aquila-consortium.org/

................ i People Projects Publications
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QOur mission: Data science meets the Universe

The Aquila consortium is an international collaboration of researchers interested in developing and applying cutting-edge statistical inference technigues to study
the spatial distribution of matter in our Universe. We embrace the latest innovations in information theory and artificial intelligence to optimally extract physical
information from data and use derived results to facilitate new discoveries.

Some results

Resimulating the Local Universe

This picture shows the result of a high resoclution
N-body simulation which has been specifically designed to look like the Local
Universe. More precisely it depicts what is the sky of an observer which would be
located at the center of our galaxy and lock at the entire sky. We use for that a
Mollweide projection, which is ancther way of representing the surface of a full

o TET

¢ &
SORBONNE o
UNIVERSITE St


https://aquila-consortium.org/

The Aquila consortium

* Founded in 2016
* Gather people interested in working with each other on developing the Bayesian pipelines
and run analysis on data.

https://aquila-consortium.org/

A biased list of Aquilians... check the website!

N7

George Adam Doogesh
Kyriacou Andrews Kodi Ramanah

Natalia Porqueres

Tom Charnock Harry Desmond Florian Fuhrer Florent Leclercq ®mm==
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https://aquila-consortium.org/

Conclusion: great future

‘ 2M++ I ‘ SDSS I ‘ CosmicFlows I ‘ LSST? I
‘ BORG3+ I

‘ Predictive cosmology I ‘ Cosmological measurement I

Velocity field

X-ray cluster emission
Kinetic Sunyaev Zel'dovich
Rees-Sciama

Dark matter ?

Cosmic expansion

Power spectrum (and governing parameters)
Gaussianity tests of initial conditions
Direct probe of dynamics



s N

Conclusion: great future and challenges:

‘ 2M++ I ‘ SDSS I ‘ CosmicFlows I ‘ LSST? I
>

‘ BORG3+ I

‘ Predictive cosmology I ‘ Cosmological measurement I

* Velocity field e Cosmic expansion

e X-ray cluster emission * Power spectrum (and governing parameters)
* Kinetic Sunyaev Zel'dovich * Gaussianity tests of initial conditions

* Rees-Sciama * Direct probe of dynamics

e Dark matter ?

Galaxy formation: bias and likelihood

Instrument modeling
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