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The big picture: the Universe is highly structured

You are here. Make the best of it...

Planck collaboration (2013-2015) M. Blanton and the Sloan Digital Sky Survey (2010-2013)

(Even more) exciting observations coming up!
(see talks by Laureijs, Hoekstra, Meerburg)



The BORG inference framework
Bayesian Origin Reconstruction from Galaxies

¢ A Bayesian hierarchical model:
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® The multi-million dimensional posterior distribution is
sampled via Hamiltonian Monte Carlo.

(see also talk by Heavens)

Jasche & Wandelt 2013, 1203.3639 — Jasche, FL & Wandelt 2015, 1409.6308 — Lavaux & Jasche 2016, 1509.05040 — Jasche & Lavaux 2018, 1806.11117



BORG at work: SDSS chrono-cosmography

334,074 galaxies, = 17 million parameters inferred jointly,
3 TB of primary data products, 12,000 samples,
~ 250,000 data model evaluations, 1 0 months on 32 cores

Jasche, FL & Wandelt 2015, 1409.6308

Data products are publicly available at www.florent-leclercg.eu/data.php
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http://www.florent-leclercq.eu/data.php

BORG infers the formation history of structures

The Coma cluster (see also talk by Hidding)

Jasche & Lavaux 2018, 1806.11117
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BORG unveils the dynamic cosmic web

Figures from FL, Jasche, Lavaux, Wandelt & Percival 2017, 1601.00093 — Montage by Guilhem Lavaux



Cosmography in the supergalactic plane

Bootes void

)

Virgo-Bootes-
Hercules filament

&

Coma cluster o

Q
0.0 0.5 1.0 1.5 2.0 2.5 3.0
]

FL, Jasche, Lavaux, Wandelt & Percival 2017, 1601.00093



Cosmography in the supergalactic plane

Dark matter
stream density
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FL, Jasche, Lavaux, Wandelt & Percival 2017, 1601.00093



Cosmography in the supergalactic plane
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Uncertainty quantification

to cosmic web analysis?

Yes, and this is what yields a
connection with information theory!



Cosmic web classification procedures

void, sheet, filament, cluster? (see also talk by Neyrinck)

& The T-web:

uses the sign of u1, po, p13: eigenvalues of the tidal field
tensor, Hessian of the gravitational potential: 7;;(x) = 0,0;P(x)

Hahn et al. 2007, astro-ph/0610280

¢ DIVA:

uses the sign of A1, Ao, A\3: eigenvalues of the shear of
the Lagrangian displacement field: Ry, (q) = 0,,V(q) | Lagrangian

Lavaux & Wandelt 2010, 0906.4101 classifiers
—
now usable
¢ ORIGAMI: in real data!

uses the dark matter “phase-space sheet” (number of
orthogonal axes along which there is shell-crossing)

Falck, Neyrinck & Szalay 2012, 1201.2353
and many others...



Voids

Sheets

Comparing classifiers
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Filaments

Clusters

Comparing classifiers
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How is information propagated?

Shannon entropy

H [P(T(Z)|d)] = - ZP %) |d) log, (P(Ti(#x)|d)) in shannons (Sh)

FL, Jasche & Wandelt 2015, 1502.02690




How much did the data surprise us?

Information gain a.k.a. relative entropy or Kullback-Leibler divergence
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How similar are different classifications?

Jensen-Shannon divergence
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(more about the Jensen-Shannon divergence later)

FL, Lavaux, Jasche & Wandelt 2016, 1606.06758



Which is the best classifier?

& Decision theory: a framework to classify structures in the

presence of uncertainty. FL, Jasche & Wandelt 2015, 1503.00730
Can we extend the decision problem to the space of

classifiers?

& The idea is to maximize a utility function
U(§) =(U(d,T, f))??(d,T\g)
¢ An important notion: the mutual information between
two random variables
[X:Y] = Dk [P(z,y)||P(z)P(y)]

= Y Paaion (potl)

reX,yey

& Property: [f (X:Y] = (DKL[P($|?J)H7’(Q7)]>7D(Y)]

Mutual information is the expectation of the Kullback-Leibler divergence of
the conditional from the unconditional distribution.

FL, Lavaux, Jasche & Wandelt 2016, 1606.06758




1. Utility for parameter inference

example: cosmic web analysis

® Example: Which classifier produces the most
“surprising” cosmic web maps when looking at the data?

¢ In analogy with the formalism of Bayesian
experimental design: maximise the expected
information gain for cosmic web maps

Ur(§) = I[T:d|¢]
/N
classification data

FL, Lavaux, Jasche & Wandelt 2016, 1606.06758




2. Utility for model selection

example: dark energy equation of state  (see also talk by Silvestri)

® Example: Let us consider three dark energy models
with w = —0.9,w = -1, w = —1.1.

Which classifier separates them better?

o The Jensen-Shannon divergence between posterior
predictive distributions can be used as an approximate

predictor for the change in the Bayes factor

Vanlier et al. 2014, BMC Syst Biol 8, 20 (2014)

¢ Inanalogy: U,(d, €)(Z) = Dys [P(T(Z)|d, M1) : P(T(Zp)|d, Ms)|€]
Uz(§) = I [M:R(d)|¢]
model classifier mixture distribution

R(d) = P(T(zx)|d, M) ;P(T(fk)\d,Mg)

FL, Lavaux, Jasche & Wandelt 2016, 1606.06758



3. Utility for prediction of new data
example: galaxy colours

® Example: So far we have not used galaxy colours.
Which classifier predicts them best?

& Maximize the expected information gain for some
new quantity

Us(d, T, &) = D [P(cld, T, §)[|P(c|¢)]

Us(§) = I[c:T|¢]
predicted data classification

FL, Lavaux, Jasche & Wandelt 2016, 1606.06758



3. Utility for prediction of new data

example: galaxy colours

o A supervised machine learning problem!

o 3 features = classifications (T-web, DIVA, ORIGAMI) with
o 4 possible values (void, sheet, filament, cluster)

& 2 classes (red, blue)

(D

FL, Lavaux, Jasche & Wandelt 2016, 1606.06758
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The Aquila Consortium
for Bayesian large-scale structure inference

& Created in 2016. Members from the UK, France, Germany
& Sweden.

® Gathers people interested in developing the Bayesian
pipelines and running analyses on cosmological data.

www.aguila-consortium.org

Aquila Overview Wiki People Projects Publications Contact

Qur mission: Data science meets the Universe

The Aquila consortium is 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.

Some results

Resimulating the Local Universe

This picture shows the result of a high resolution
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 look at the entire sky. We use for that a
Moliweide projection, which is another way of representing the surface of a full



http://www.aquila-consortium.org/

Conclusions

¢ BORG is a Bayesian inference engine allowing the

analysis of the Iarge scale sfru cte “fw its formation

history. o “‘ b v
F 3

& Thanks to B@RG the COSHQIC;« ve
various cIa55|fr'ers el i

r"‘..' e _

& A probabilistic analysis of ‘%he W N%af =
supported connection b Letwge ',f@ B i

~
L

g

mformatmm;heory - o i

& Decision theory offers aframewo‘h [0.C |, “between

different cIa55|f|ers wrth utlllt‘ ur t mkwr endmg on the
desired use. Pl 0 O et
: ‘%b»



