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BORG at work: SDSS chrono-cosmography
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The BORG SDSS run:

334,074 galaxies, = 17 millions parameters, 12,000 samples, 3 TB, 10 months on 32 cores

Jasche, FL & Wandelt 2015, arXiv:1409.6308
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Inference of the dark matter phase-space sheet
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dynamics in real data
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Uncertainty quantification

Can we propagate 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?

* The T-web:

uses the sign of 11, U2, 13: eigenvalues of the tidal field tensor,

Hessian of the gravitational potential: Ti(x) = 0;0,P(x)
Hahn et al 2007, arXiv:astro-ph/0610280

* DIVA:

uses the sign of A1, Ay, A3: eigenvalues of the shear of the
Lagrangian displacement field: Ry, (q) = 0 Ve(q)

| Lagrangian

Lavaux & Wandelt 2010, arXiv:0906.4101 classifiers
* ORIGAMI : now usable
uses the dark matter “phase-space sheet” (number of in real data!

orthogonal axes along which there is shell-crossing)
Falck, Neyrinck & Szalay 2012, arXiv:1201.2353

and many others...




Comparing classifiers

T-web
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How much did the data surprise us?

information gain a.k.a. relative entropy or Kullback-Leibler divergence posterior/prior
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(more about the Kullback-Leibler divergence later)

FL, Jasche & Wandelt 2015, arXiv:1502.02690




How similar are different classifications?

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

FL, Lavaux, Jasche & Wandelt 2016, in prep.




Which is the best classifier?

* Decision theory: a framework to classify structures in the
presence of uncertainty, FL, Jasche & Wandelt 2015, arXiv: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,img)

* An important notion: the mutual information between two

random variables
[[X:Y] = Dxu[P(z,y)||P(z)P(y)]

+ Property: |T1X:Y] = (Die[P(el)IP@)]e,

Mutual information is the expectation of the Kullback-Leibler divergence of the

conditional from the unconditional distribution.
FL, Lavaux, Jasche & Wandelt 2016, in prep.




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: maximize the expected information gain for cosmic
web maps

Ur(d, §)(Zk) = Dxw [P(T(Zx)|d, §)||P(TIE)]

U1(§) = I[T:d|¢]
A

classification data

FL, Lavaux, Jasche & Wandelt 2016, in prep.




2. Utility for model selection:

example: dark energy equation of state

* Example: Let us consider three dark energy models with
w=—-09,w=—-1,w=-1.1.
Which classifier separates them better?

* 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: Us(d,§)(Tk) = DJs[ ( (%) |d, Ma):P(T(Zk)|d, M2)[¢]
Us(¢ (d)]

) = / \ q
model classifier mixture distribution
P(T(fk) |d, M1) —+ P(T(fk) |d, Mg)

R(d) = 5

FL, Lavaux, Jasche & Wandelt 2016, in prep.




3. Utility for prediction of new data:

example: galaxy colors

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

« Maximize the expected information gain for some new
guantity

US(da Ta g) — DKL [P(C‘da Ta 5) | |P(C‘£)]

Us(§) = Ie:TIE]
/N
predicted data classification

FL, Lavaux, Jasche & Wandelt 2016, in prep. |E\




Conclusions

* Thanks to BORG, the cosmic web can be described using various
classifiers.

* Probabilistic analysis of the cosmic web yields a data-supported
connection between cosmology and information theory.

* Decision theory offers a framework to choose between different
classifiers, with utility functions depending on the desired use.

(Some numerical results for classifier utilities in the upcoming paper)
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