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A large scale Bayesian inverse problem

Bayesian Forward

modeling:

Prior model
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Structure formation model

Jasche, Wandelt (2013)
Lavaux, Jasche (2016)
Jasche, Lavaux (2018)

Data model

m 7615 = [[6° @ - Gits)) ()

P(NI|A(8)) =

—2Xi JV%
)‘i
N; !

7

Galaxy bias model

do a2 \i = RiN (1+6)%emps (H0)7%

See e.g. Neyrinck et al. 2014
Ata et al. 2015

Lavaux & Jasche 2016
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________MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
= The potential - Y(x) = —In (P(x))

see €.g. Duane et al. (1987)
Neal (2012)

Betancourt (2017)
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~_____MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
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~_____MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
= The potential - Y(x) = —In (P(x))

» The Hamiltonian  H = % W (X)

Nuisance parameter!!!

dx OH
—_— — _— = M—lp
0
(Xa p) ‘ ;1; ) I(;H % ‘ (Xla p/)
i - T Y,

Randomize P and accept X’ : @ = min [1, e_(H,_H)] =1
HMC beats the “curse of dimensionality” by:

= Exploiting gradients see e.g. Duane et al. (1987)

Neal (2012)

= Using conserved quantities Betancourt (2017)



BORG (Bayesian Origin Reconstruction from Galaxies)
= Incorporates physical model into Likelihood (2LPT / PM)

= Turn inference into initial conditions problem: Find xY 1

¥(x') = ¥p(x’)+W¥iu(x’)

Also see e.g. Jasche et al. 2015 (arXiv:1409.6308 ) / Wang et al. 2014 (arXiv:1407.3451)
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BORG (Bayesian Origin Reconstruction from Galaxies)
= Incorporates physical model into Likelihood (2LPT / PM)

= Turn inference into initial conditions problem: Find xY 1

¥(x') = ¥p(x’)+W¥iu(x’)
1 _
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Poisson Intensity: A; = NR; (1 T X (XO)) )

d‘P( dA; dx;
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BORG (Bayesian Origin Reconstruction from Galaxies)
= Incorporates physical model into Likelihood (2LPT / PM)

= Turn inference into initial conditions problem: Find xY 1

¥(x') = ¥p(x’)+W¥iu(x’)
1 _
5 lzj’x?Sijlx(J)' ‘|‘ZI’A«, — Nill’l(li)

Poisson Intensity: A; = NR; (1 T X (XO)) )

d

= Tt L (1-8g) 5

Model sensitivity
Also see e.g. Jasche et al. 2015 (arXiv:1409.6308 ) / Wang et al. 2014 (arXiv:1407.3451)
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jointcoding

The problem: x(xO) IS a computer program, not analytic!!!
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jointcoding

The problem: x(x()) IS a computer program, not analytic!!!
= Finite differencing not feasible, too high-d!!!

= Any computer program is a sequence of elementary operations

x(x9) = BN (BN—1 (BN—2 (BN-3 (- (Bo(%0)) ---))))
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The problem: x(x()) IS a computer program, not analytic!!!
= Finite differencing not feasible, too high-d!!!
= Any computer program is a sequence of elementary operations
x(x0) = BN (BN-1 (Bn-2 (BN-3 (.- (Bo(x0)) ---))))
> Use chain rule
dx(xo) - E)BN E)BN_1 aBN_z aBO
dxg ~ 9Bn_10Bn_20Bn_3 9x9
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The problem: x(x()) IS a computer program, not analytic!!!
= Finite differencing not feasible, too high-d!!!
= Any computer program is a sequence of elementary operations
x(x0) = BN (BN-1 (Bn-2 (BN-3 (.- (Bo(x0)) ---))))
> Use chain rule
dx(xo) - E)BN E)BN_1 E)BN_2 aBO
dxg ~ 9Bn_10Bn_20Bn_3 9x9

line by line derivative of your computer code!!
BEWARE of if-switches!!!

Result:
= Sensitivity Matrix of your computer model
= We need the adjoint, so do a transpose

= Matrix cannot be stored, so use operator formalism



BORG’: A Modular statistical programing engine

Build flexible data models

= Hierachical Bayes and block sampling

New &;. sample

Heat/Cool

Current | o
ul 'Fic

Adjoint Forward
gradient model

Non linear
I

>

Galaxy distribution |4
Ngr:

t Likelihood

Data
{dn }r:

MNew bias
parameters

Hamiltonian sampler

Jasche & Lavaux (2019, A&A)



A detailed and physically

plausible model R
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The Nearby Universe




New insights into the nearby universe

Some samples from the Markov Chain...

Leclercq et al. (2019, in prep)
Application: BORG — 2M++ (Lavaux & Hudson (2011, MNRAS))

« Domain: (677.7 Mpc/h)®
e |IC f Lictuation elements: 256°

« Simulation particles: 512°

« LSS model: Particle Mesh Solver
Jasche & Lavaux (2019, A&A)



Inferred mass density in super-galactic plane: Preliminary results!

Leclercq et al. (2019, 1in prep)
>
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Estimating Cluster masses

Jasche & Lavaux (2019, A&A)

V[10%(Mpch~1)3]
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Coma Mass Profile
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Estimating Cluster masses
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Jasche & Lavaux (2019, A&A)
Leclercq et al. (2019, 1n prep)



Dvnamics of the Nearby Universe




deeper:

Going

Analyzing

Sloan Digital Sky Survey lil

DR12 (z < 0.7)

www.aquila-consortium.org



First Attempt!!!
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First Attempt!!!
PRcsselal -y Pstars+dsigmablub5
6 6 k- Pstars Pstars + 2and3anddsigmablobs
10 / ‘ T Y 10 - A Pslars+25-|grnablubs —k— Petare -t <12
([)—‘—z—-mo @ Pstars + 3sigmablobs == Ppatchy
Counts ( x10°) M 120000 -
L
m 100000 -
(]
Q. 80000 -
=
~ 60000 -
i 40000 -
(a.
151 @
< L
= | 1.0-
= =3
E >
a |S o5
|| &
— Q
| 0.0-
a
107 ‘ - 107 : . . ,
10'2 101 10 0.01 0.02 0.03 0.04 0.05
-1
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Jasche & Lavaux (2017, A&A)



Designing robust likelihoods

Map of p@j;ghngeg.ngon the sky

750
500
250

0

Extruded into 3d volume

h~! Mpc

=250

-500

00000

-250 0 250 500 750 1000 1250 1500
h~1 Mpc

~AAO) (4 A(B)N

N;

Porqueres et al (2019, A&A)



Designing robust likelihoods

Map of pafches on the sky Extruded into 3d volume
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Porqueres et al (2019, A&A)



Eq. Y (h~! Mpc)

Real data application LOWZ + CMASS

. 1.00
Ensemble mean density
1500 - G oty g [ LR 0.75
1000 - 0.50
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500 0.25 <
v
Q
0. =
- 0.00 b
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Preliminary results!

-2000 -1500 -1000 -500 0
Eq. X (h~1 Mpc)

500 1000 1500

Posterior power-spectrum

Application: BORG — SDSS Il

e Domain:

(4000 Mpc/h)?

e |IC fLlctuation elements: 256°

« Simulation particles:
« LSS model:

512°

Lagrangian Perturbation Theory

Lavaux et al (2019, 1n prep)
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___Independent test of inferred mass

CMB Lensing: Preliminary results!

» Correlation Fl’loanck 15 vs. BORG SDSS3 convergence map

0.5 1
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Jasche et al (2019 in prep)
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Cosmological parameter via the A/P test

Using the Alcock-Paczynski cosmological test

Model Cosmology Observations

comoving coordinates ﬁ spherical/spectroscopic

o coordinates

Kodi Ramanah etal (2019, A&A)



Cosmological parameter via the A/P test

new 4, sample

- ®

new b

new NY
samples samples
- new /; sample

Kodi Ramanah etal (2019, A&A)




Application to SDSS Illl mock data:

Ensemble mean of final density field Standard deviation of final density field
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Kodi Ramanah etal (2019, A&A)



Cosmological parameter via the A/P test

SDSS I BAOs 07
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Source of Information (Kodi Ramanah et al (2019, in prep)):
e Complete use of modes

» Exploitation of higher order statistics

Kodi Ramanah etal (2019, A&A)



BORG combines physical modeling with data science:

= Dynamical modeling accounts for non-Gaussian statistics
= Flexible data modeling via HMC and block sampling

= Solves complex high dimensional statistics problems

Scientific results:
= Characterization of initial conditions
= Accurate & Detailed reconstructions of the DM field
= Complementary mass estimates
= Dynamical reconstructions

= Inference of cosmological parameter



Thank You!
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