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Outline

«" Introduction
“" The chosen path: embrace the complexity
= Two specific sub-models:

* Altair (Alcock Pasczyn ski test)

* VIRBIUS2 (Flow inference with distance data)

“*" The path forward / Conclusion



Introduction




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

Various hacking to make sense of data



From theory to observations....

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

The ultimate Bayesian machine ?




The 1deal scheme

Initial conditions Super-Ramses Hyper-Horizon Virtual Euclid

130

Image credit: Arturas Slapsys, Horizon AGN collaboration



N-body solver Some magic
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Enter... Syl
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The BORG .;;;he

Imaae credits: Paramount Pictures



Enter... e

Imaage credits: Paramount Pictures



The BORG3 inference framewo rk

. 1 .
m(0) o< exp <—§ > 10kl?/ P

k
Initial conditions

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

v AR A

k
Initial conditions

. 1 .
m(0) o< exp <—§ > 10kl?/ P

Total evolved matter density  Pm = F 0]

Biased galaxy distribution pg = B(pm)

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

Random extraction Ny « P(pj) (Poisson, Negative binomial, ...)

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



The BORGS3 inference framework =«

[ N he .5 o b8

. 1 .
m(0) o< exp <—§ > 10kl?/ P
k

Initial conditions

'\
Total evolved matter density ~ Pm = J/d] \\:
Biased galaxy distribution pg = B(pm)
Selected/contaminated sample p; (%) = S(Z)py(Z)
Random extraction Ny « P(pj) (Poisson, Negative binomial, ...)

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



The BORGS3 inference framework =« +

[ N he .5 o b8

k
Initial conditions

. 1 .
m(0) o< exp <—§ > 10kl?/ P

Total evolved matter density  /m — F 0]

Biased galaxy distribution pg = B(pm)

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

Random extraction N; < P(p;) (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

k
Initial conditions

A 1 A
m(0) o< exp <—§ > 10kl?/ P

Total evolved matter density  Pm = F 0]

Biased galaxy distribution pg = B(pm)

Selected/contaminated sample p? (%) = S(Z)p, (%)

Random extraction Ny « P(pj) (Poisson, Negative binomial, ...)
N
Encode survey systematic effects with expansions:  S(Z) = Sp(Z) H (1+arFr(2))
—1

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



Some BORG3 bhias models

Voxel predictibility — freedom in bias model choice B

Purely local models

@ Linear 0g = bop,
@ Power law Pg X Py
@ Double power law Pg X P
* 7 14 (pm/po)?
@ 1-pt halo empirical halo Py X P exp (=(pm/po) ™)

@ Full 1-pt Halo distribution P(M|@) x n(M,d)

Non-local models
® “EFT” / Second order

@ Oct-tree




Applications to data

See Jens’ talk for many
results on data
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SDSS3 data

Panstarrs

SDSS DR12 galaxy sample

~1.6 millions of galaxies




SDSS3 data

Panstarrs

SDSS DR12 galaxy sample

~1.6 millions of galaxies We only see objects

as they appear on
our lightcone




e ®

Two components of light cone effect«:*

Cosmic expansion Cosmic growth of structures

Lookback
- Time

Ramanah et al. (2018, submitted)




The BORG/ALTAIR model

Initial conditions

v

Dynamical model
(LPT, 2LPT, PM)

'

Cosmic expansion

Bavesian Origins Reconstruction
from Galaxies ¢

Doogesh K. Ramanah

Bias transformation

v

Selection function

'

Likelihood
ALcock-Paczynski L
consTrAlned Reconstruction
Data

Imaage credits: Paramount Pictures. Ubisoft Ramanah et al. (2018, submitted)



The BORG/ALTAIR Iinference

Initial conditions

v

Dynamical model
(LPT, 2LPT, PM) ‘

v

Cosmic expansion =

Bavesian Origins Reconstruction
from Galaxies #

Bias transformation Qm Y
# Wo, Wq

Selection function

Marginalized #
over Likelihood

AL cock-Paczynski y
consTrAlned Reconstruction

Data

Imaage credits: Paramount Pictures. Ubisoft Ramanah et al. (2018, submitted)



Cosmic expansion In practice...

Non-linear density remapping:

—)

Comoving Scaled redshift
coordinates coordinates
. = C -
X di = 77 <l
Hy

Implemented with an p™ order linear polynomial interpolation

p?) = Z (Hm ) pz(-x)
\ Q/

W Required to avoid strong grid-on-grid interpolation aliasing
(5" order ok in practice)

Ramanah et al. (2018, submitted)



4000

3500

— = | 3000

. 2000

h]

y[Mpc;

1500

Comoving Scaled redshift
coordinates coordinates

0
. c . o

Final density field [(2,

2 =0.900, w= —1.000]

500 1000 1500 2000 2500 3000 3500 4000
z[Mpe/h]

X di =y Filli
0

W Implemented with an p™ order linear polynomial interpolation

o =@ Y ([Tetar: ) o™
I Q/

V Required to avoid strong grid-on-grid interpolation aliasing
(5" order ok in practice)

Movie Credit: Doogesh K. Ramanah Ramanah et al. (2018, submitted)




Lightcone Iin 1/2LPT

F@) =7+ (@) = 7+ D(a(la)¥ (@)

v Can be generalized to PM

V Is differentiable

v Misses some higher order effect, but exact solution can be implemented also




Sky completeness

Redshift completeness

0 mpleteness 1 CMASS NGC
CMASS SGC
LOWZ completeness LOWZ NGC ]
Ll LOWZ NGC
2 08} ]
% 0.6
% 0.4
=
0.2} 8
[][] g = L L . __J_ m—— L
1 (0 a0 1000 L5010 2000

0 { IIHLEJ_\H'[I'][I'&“G

Comoving distance (h~! Mpc)

Ramanah et al. (2018, submitted)



Mock test setup: results

1 I

12001 ____ jean |, =0.3080 £ 0.0036 504 ---- mean N wo = —0.998 & 0.008
1 1
100 - true i — true i
| 40 I
1 1
e a
C:E 60 A i = i
& | = |
1 20 1
40 1 : i
I I
1 1
20 - i 101 i
l i
1 1

O . T O T L T
0.32 —1.04 —1.02 —1.00 —0.98 —0.9

Wo

Constraints resilient to isotropic biases

& Most of the information comes from geometry

Another interesting POV is Li et al. (ApJ, 2014, 2016) Ramanah et al. (2018, submitted)



Robustness assessment
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Robustness to improper prior

Good prior Bad prior
Modified prior P(k) (2, = 0.40, wy = —0.85)
|
120 A -—=- mean : Qm = 0.3080 £ 0.0036 1004 _—___ mean : Qm = 0.3084 + 0.0042
|
100 1 true i true :
! 80 1 :
|
80 i I
£ | 2 60 |
S 601 - S |
a : Q :
I 40 A I
401 l I
| I
: :
20 1 i 201 .
; I
| |
O T - T T 0 T 1 T T
0.30 0.31 0.32 0.30 0.31 0.32
QO Qi

Constraints resilient to isotropic prior biases




MCMC efficiency

Correlation
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Summary

* The BORG3 machine is starting to become a powerful machine to exploit
spectroscopic surveys, with flexible internals and parallelization.

* The ALTAIR extension is showing promising results for cosmological information
extraction, relying on the detailed anisotropic distortion of the density field.

* Data application of BORG/ALTAIR are coming.
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Why cosmic flows are interesting = =+

Direct observation of gravitational field is difficult

@& Lensing

& Integrated Sachs Wolf effect
& Cosmic velocities

& Galaxy distribution

Cosmic velocities have several advantages:

Do not need background sources
High S/N nearby
@ Less assumptions

Some big disadvantages:

Prone to high systematics

@ Very noisy at high distances

Unclear calibration of distance indicators (Fundamental plane, Tully-
Fisher, ...)




The Cosmic Flows inference problem-

It is old/recent (Late 1970s, Jim Peebles action method, linear gravity solver)

Got mostly abandoned in 1999 (except for pure RSD)
Now solvable with Bayesian Hierarchical Modeling (BHM)

Will be needed for Taipan, ZTF, LSST



The Cosmic Flows inference prablem:

It is old/recent (Late 1970s, Jim Peebles action method, linear gravity solver)

Got mostly abandoned in 1999 (except for pure RSD)
Now solvable with Bayesian Hierarchical Modeling (BHM)

Will be needed for Taipan, ZTF, LSST

Set of other spectroscopically

\ / related measurement

Total matter map Cosmological parameters (H )

Set of noisy (!) distance data



VIRBIUS model: forward

Distance estimate

Cosmology

Arwpulbar scale
b

10/26/18

Spectral measurement
ol T I~ T T T T T T
 NGC 4151

[[[[[[

e Ty
1000 1200 1400 1600 1800
Obb . Wavelength (&)
Cz; = = CzZ;jT

(14 Z) (v(Z;(Z)) + €7) + €

Classifier / supplemental error

38



The VIRBIUS model (Diagram attemt)

Observed redshift
Zobs (With cuts)

Cosmology Observed

Q distance indicator 1 Galaxy typing

Power L . . Noiseless/cutless
‘Noise estimate : )
spectrum :_ ; redshift

Known/unknown
unknowns
RN S PR | TTTTI
: Velocity field > Distance § e —
3 ; . Cosmological
i redshift

Lavaux (2016), Fuhrer & Lavaux (20187)



The VIRBIUS model (Diagram attemt)

Cosmology Observed Galaxv tvoin Observed redshift
Q distance indicator & y typing Zobs (With cuts)

Power L . : Noiseless/cutless
‘Noise estimate - )
spectrum :_ redshift
Future:
BORG interface
: Velocity field > Distance §  ceceeeeeeen e,
3 ; . Cosmological
i redshift

Lavaux (2016), Fuhrer & Lavaux (20187?)



Redshift cut biases

I
Observed redshift Actual redshift distribution
distribution with cut with cut



Redshift cut biases

Observe
distribut




odF dataset

2500 1500
[F)] (73]
v R
"% 2000 %
m —
r © 1000
o 1500 o
S o
= 1000 ] .
j’:E’ 9 500 Red = redshift
S 500 = _ _
c Blue = Estimated distance

| 0
0 100 500 300 0.01 0.02 0.03 0.04 0.05

~9000 galaxies

d. [Mpc] z



Results on mock data

Mean radial velocity [km/s/H/f] Standard deviation
300 300
200 200
Y 100 9 100
Z 0 = 0
< —~100 < —~100
—200 —200
—300 —300

—200 0 200 —200 0 200
h=! Mpc h=1! Mpc




MCMC efficiency

1.001 —— sigmaNL
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=025+

/ 0 2000 4000 6000 8000
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Graziani, Courtois, Lavaux et al. (2018 submitted)



CF3: Example of distance mference

Spitzer 6dF

TF ARECIBO

400 ~

200 -

N
o
o

100 ~

Observed
Reconstructed

Graziani, Courtois, Lavaux et al. (2018 submitted)



CF3: Calibration checks

m = 0.980 i

s =0.022 |

w . [

(=] i I

@ [ [

7 : i

O | I

e | |

° 1 I

| - I ]

[T 1 ]

o | \

g i |

= | i

] ]

I ]

(] ]

0 - - :
0.98 1.00 1.02 1.04 0.920.940.960.981.001.021.04

heffl heff2

Graziani, Courtois, Lavaux et al. (2018 submitted)



Error on density / velocity

Os (Ov)a=xy,z (km/s)
1.281.361.441.521.601.681.761.84 60 90 120150180 210240270 300

| | I | | |I ] 1 I}

SGY (Mpc/hs)

-200 0 200 —-200 0 200
SGX (Mpc/hys) SGX (Mpc/hzs)

Graziani, Courtois, Lavaux et al. (2018 submitted)






The Aquila consortium

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

- = .
' g > “

~ The:Aquila consortium for Bayesian Large Scale Stru
inference. *

o -

Our mission

We are an international collaboration of researchers interested in developing and applying cutting-edge statistical
inference techniques 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.

Get notified when new results are published _

Our latest results




Predictive cosmology: cosmic flowsf"fjf-‘f[.'.ff:a

BORG 2M++ (Carrick et al.) )

=100 —100 0 100 —100 0 100
Galactic Z (h~! Mpc) Galactic Z (h~1 Mpc) Galactic Z (h~1 Mpc)

=100 —=100 —=100 0 100 200
Galactic Z (h~! Mpc) Galactic Z (h~1 Mpc) Galactic Z (h~ Mpc)
Lavaux & Jasche (2018, in prep.)


https://aquila-consortium.org/

Predictive cosmology: fifth force
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Image credit: Sukyong Yi Desmond et al. (2017, 2018a,b,c)



Predictive cosmology: Coma dynamlcs.f;_

v[104(Mpch~1)3]

0.05 0.42 1.41 3.35 6.54 11.31 105 ) 1 0.5 0.2 0
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1 10+15 __
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T W07 eller et a g e o
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Zoom simulation on Coma S
(~250 Mpart in zoom) 4 x 10°h™ "My /part

Jasche & Lavaux; Lavaux & Jasche; Peirani, Lavaux & Jasche (2018, in prep.)



Conclusion: great future

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

‘ Predictive cosmology I ‘ Cosmological measurement I

Velocity field (also VIRBIUS with F. Fuhrer)
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
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Conclusion: great future and challenges:

‘ 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

Galaxy formation: bias and likelihood

Instrument modeling
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