Farewell talk

Florent Leclercg

http://icqg.port.ac.uk/~leclercq/

Institute of Cosmology and Gravitationa Imperial Centre for Inference and Cosmolog
University of Portsmouth Imperial College, London

d\CG ’. University of ICIC! Imperial College
o

Portsmouth Imperial Centre London

Portsmouth for Inference & Cosmology

May 16", 2017

Wolfgang Enzmpa, GarchingBaptiste FaureEcole polytechnique & ICG),
Jens Jaschexc universe, Garchingguilhem Lavaugar) Will Percivalice),
Benjamin Wandeltar) Matias Zaldarriag@as, Princeton)

(1)


http://icg.port.ac.uk/~leclercq/

The big picture: the Universe is highly structured
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Planck collaboration (2033015)

M. Blanton and the Sloan Digital Sky Survey (ZZ01B)




How did structure appear in the Universe?

A joint problem!

° How did the * How did the large-scale
Universe begin? structure take shape?
What are the What is the physics of
statistical properties of dark matter and dark

the initial conditions? energy”?



Testingcosmologicalmodelswith the LSS

THERE USED To BE A JOKE THAT
IN CosMolLoGY A FACTOR OF oo
WhAS "PRECISION™ COSMOLOGY.
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J. Chant PhD comics

A Precise tests require many A The challengenon-linear evolution at

modes. small scales and late times.
A In 3Dgalaxy surveys, the numbérThe strategy:
of modes usable scales &3, . Inferring the initial conditions from

galaxy position

Pushing down the smallest scale usabl
for cosmological analysis

In other words: go beyond thiénear andstatic analysis of the LSS



Bayesian forward modeling: the ideal scenario

Forward model = Nbody simulation + Halo occupation +
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Bayesian forward modeling: the ideal scenario
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LIKELIHOOBBASEDSOLUTION BORG



Likelihood-based solution: BORG
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334,074galaxiesf 17 millionsparameters,3 TB of primary data products,
12,000samplesf 250,000data model evaluationsl,0 months on 32 cores

Jasche, FL & Wandelt 2015, arXiv:1409.6308
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Dark matter stream density
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secondary
stream density

2700

Nstreams
FL, Jasche, Lavaux, Wandelt & Percival 2017, JCAP in press



Velocity field
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FL, Jasche, Lavaux, Wandelt & Percival 2017, JCAP in press



Cosmic web elements: some algorithms

AdStructure findersé T 2 O/laiassifiersé RA a3 a SO
on one element at a time cosmic web all at once
o 20B0V/ VIDE | TheT-web (tidal field tensor)

Neyrinck 2008, arxiv:0712:3049 iy s, Hahnet al. 2007, arXiv:ast«ph/0610280
Sutteret al. 2015, arXiv:1406.1191 .3 e

° DIVA (Lagrangiamlisplacement

field, potential structures)
Lavaux & Wandelt 2010, arXiv:0906.4101

° ORIGAMI (particle crossings)

Falck, Neyrinck & Szalay 2012, arXiv:1201.2353

° DisPerSE

Sousbie 2011, arXiv:1009.4015
Sousbieet al. 2011, arXiv:1009.4014

_° LICH (Lagrangiamlisplacement
® field, potential andvortical

structures)
FL, Jasche, Lavaux, Wandelt & Percival 2017

andmanyothers8



Comparing classifiers

T-web DIVA

ORIGAMI
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FL, Jasche & Wandelt 2015a, arXiv:1502.02690
FL, Lavaux, Jasche & Wandelt 2016, arXiv:1606.06758
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How is information propagated?

Shannon entropy

H[P(T(Z))|d)] ——ZP i(T1)|d) logy(P(T:(Z)|d))  in shannons (Sh)

[MPC/ h]

400

More about cosmic web analysis:

FL, Jasche & Wandelt 2015a, arXiv:1502.02690
(T-web, entropy, relative entropy)

FL, Jasche & Wandelt 2015b, arXiv:1503.00730
(decision theory for structure classification)

FL, Lavaux, Jasche & Wandelt 2016, arXiv:1606.06758
(mutual information, classifier utilities)

FL, Jasche, Lavaux, Wandelt & Percival 2017
(phasespace structure of dark matter)
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FL, Jasche & Wandelt 2015a, arXiv:1502.02690




LIKELIHOOBFREESOLUTION



Why is likelihood-free rejection so expensive?

Effective likelihood approximation:

1.

It rejects most samples when

It does not make assumptions about tl;

shape of’(0)

It uses only a fixed proposal distributicg|

not all information available
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It aims at equal accuracy for all regions

In parameter space




Proposed solution

Bayesianoptimisation for likelihood -free inference (BOLFI)

1. It rejects most samples when is small

|:> Don’t reject samples: learn from
them!

2. It does not make assumptions about tl
shape of’(0)

Model the distances, assuming the
average distance is smooth

SERVED, DATA

/5. REGRESSED
/ DISTANCE

NCE TO THE OB

3. ltuses only a fixed proposal distributic |
not all information available

DISTA

=) Use Bayes’ theorem to update the PARAVETER
proposal of new points

4. Itaims at equal accuracy for all regions
in parameter space

== Prioritize parameter regions with
small distances to the observed data

Gutmann & Corander JMLR 2016, arXiv:1501.03291



Regressing the effective likelihood (points 1 & 2)

2.0

- TARGET FUNCTION

-« DATA

| — PREDICTION

20 CREDIBLE REGION =

EFFECTIVE LIKELIHOOD
5 &a
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1. aLG NBe2SOla Y2zad al YL Sa 6KSy
A Keep all valuess;, d,) d; = d(d(6;),d)

2.0LG R2Sa y20 YIF1S |aadayLIWOA2Yy 3
A Model the conditional distribution of distances given this
training set



Data acquisition (points 3 & 4)
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Data acquisition (points 3 & 4)

3. LG dzaSa 2yfeé& I FAESR LINRLRAI
F g At of S¢
A Samples are obtained from samplingadaptively-

constructed proposal distribution, using the regressed
effective likelihood

4, aLd FAYa FaG SljdzZ-f | OOdzNy O T2
A Theacquisition function finds a compromise between

eXp|OI’ati0n(trying to find new higHikelihood regions)
& exploitation(giving priority to regions where the distance to the observed

data is already known to be small) Acquisition function
* Bayesian optimisation (decision making
under uncertainty) can then be used Model  Data

.| @& $haofean



Likelihood-free large-scale structure inference

300 . ‘

A 1100 largescale
structure a
simulations

A F107 hidden _
variables

log p(w|d

Z13 —1.2 -1.1 —1.0 —0.9 —0.8 —0.7
1071 F ' v : ' ‘ :
L —
__107°F
= 1078¢
& 10717}
1072
107% , | , , | ]
—1.3 —1.2 ~1.1 —1.0 —0.9 —0.8 —0.7

w

with W. Enzi & J. Jasche



Likelihood-free large-scale structure inference
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This proofof-concept has been performed

completely blindly.
with W. Enzi & J. Jasche p y y



OPTIMISINGTHE DATA MODEL
WITH SCOLA



y [Mpc/h]

tCOLA:COmoving Lagrangian Acceleration (temporal domain)
AWrite the displacement vector ass = Sy.pT + SMC

Tassev & Zaldarriaga 2012, arXiv:1203.5785
A Timestepping (omitted constants and Hubble expansion):

Standard: Modified:

2LPT
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Tassey, Zaldarriaga & Einsenstein 2013, arXiv:1301.0322



Leora =50 Mpe/h Leora =25 Mpc/h

Leora =25 Mpc/h

gx i 5

- | Leora =25 Mpe/h

cora =75 Mpc/h

n, =10 § n,=10
Lcora =50 Mpc/ h

n, =10

n, =30

Tasseyv, Eisenstein, Wandelt & Zaldarriaga 2015, arXiv:1502.07751

SCOLA

Extension to the
spatial domain

100Mpc/h

75Mpc/h
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UsingsCOLAo parallelize N-body sims
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Parallelisation potential:

35 A SubvolumeX

do not need to

13.0 communicate,

can even be run out of

12.5

order!

.o AFactor~8 overhead due to
+ boundary regions.

@&

152 A But~ 50 Mpc/h N-body sims
can be dondn cache or on
a GPU.

s E=p speedup ofs

A Potential parallelisation
speedup:

1 1 ’
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with B. Faure (master project), B. Wandelt, W. Percival & M. Zaldarriaga



Constructinglightcones

A Subvolume®nly need to run until they
AYUISNBSOU (Klghtcenea SNIJSN

A Most of the highz volume will be
faster thanz =0

A Many unobservegubvolumesio not
even have to run!

A The walclock time limit is the time for
running a single- 50 Mpc/h box 100
at the observer position.

A Leads tdiurther speed-up, especially
for deep surveys.

with B. Faure (master project), B. Wandelt, W. Percival & M. Zaldarriaga






