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-1-2%06 precision on
cosmological parameter
constraints,multi probe

approach

modularity 1s the key to
addressing these challenges!

Advanced statistical techniques o, ... Wallkere in Monte
Sampling beyond Metropolis-  Catlo methods

Hastings -Approximate Bayesian
Computation



Classical estimation

Posterior probability
distribution

Betoule

et al 2014

Likelihood

priot
probability

e Glven some data and
model with free parameters

* Figure out

max likelthood values ot
confidence intervals

for parameters

e Markov Chain Monte Carlo:

efficient estimation ot
likelthood in multi-dim space
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* Many, sometimes correlated, observables:
-CMB, lensing, galaxy clustering, supernovae, clusters.....
-most powerful constraints come from combining 2 or more

* Different theoretical models:
-e.g. Supernovae light curve fitters, bias models for galaxy clustering

* Different parameters, systematics in each model:
-how to sample over each in an MCMC chain?

» Complicated, possibly multimodal, Posterior/ Likelihoods:
-sampling choice may impact results, estimate/model covariances

e | arge collaborations:

-how to track contributions, ensure reproducibility & consistency
-how to use wealth of exisiting code/data without wasting PhD
deciphering it all, learning new coding language...




CosmoSIS

Development Team Likelihood
Joe Zuntz, Mare Paterno,
Elise Jennings, Dong Rudd,
Alessandro Manzotts,
Scott Dodelson, Sarah Bridle,
Saba Sebrish, Jim
Kowalkowski

k=le-3,le-2,1e-1,1,10

2=0,0.1,0.1,0.3,0.3
p=1,1,2,234,34,63,45

k=le-3,1e-2,1e-1,1,10,

2015 break-out paper already 00010303
cited 18 times, and over ~100

users have downloaded the
framework and signed up to
mailing list.

omega_m = 0.3
omega_b = 0.04
HO0 = 72.0




CosmoSIS was designed to
address each of the issues facing future surveys

CosmoJdlIS 1s a new cosmology parameter estimation code
tocus on modularity

Open source code which community actively contributes to
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Q..

multi - language modules: Python, C++, C, Fortran

choice of physics & likelithood modules

collection of samplers - mostly in python

nice python plotting functions

-0.1 00 01 02 03
AM



Let’s say you work on Supernovae
but want to make this plot showing
joint constraints from SN, Planck,

WMAP, BAO

... %
I JLA — — WMAP9S ~

- - = C11 B Pland-+WP+JLA
B Planck+WP Pland-+WP+BAO

How much work 1s involved?

Betoule

et al 2014



Supernovae

SN 2005fb z=0.18

-decide on light curve fitter:
SALT2, MLLCS2K2
(different parameters for each which

could be varied!)
-e.g. JLA Likelihood (C++)
-simulations? SNcosmo (python), SNANA (C/Fortan)

-Dynamical DE params? priors on parameters?



Supernovae

SN 2005ff z=0.09 SN 2005fb z=0.18

Planck

WMAP 7yr

100 500 1000  150(
Multipole Moment (1)

1000 1500 2000 250

-Boltzmann code, CAMB?,CLLASS?,
MGCAMB?
Different parameters for each of these

-WMAP (Fortran), Planck likelihood (C),
Planck2013/20152 WMAP7 or WMAP9?

-code up something just for shift parameter?



Supernovae
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-Find or code up
something to estimate

-model for bias, RSD?



Supernovae
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After gathering all the pieces together you would still have to:

-write sampling algorithm or implement public sampler

-make sure shared cosmology parameters are treated properly

-decide on how to treat nuisance parameters for each observable, priors?
-decide on covariance matrix? from simulations?



How to do this in CosmoSIS...

use single ini file create a pipeline of modules

[pipeline]

* All of these modules currently in CosmoSIS!

* choose CAMB here, or could replace with CLASS/MGCAMB w/o recompiling
* Same cosmological parameters, shared systematic parameters across pipeline

* values, prior ranges for parameters specitfied in values.ini file

* swop in/out modules with ease

* add your own module easily in any of C, C++, Fortran and python




use ini file to specify the sampler you want

[ runtime]
sampler = multinest

[multinest]
max iterations=50000

live points=500
multinest outfile root=

* many different samplers available!
* specify settings for individual modules

[camb ]
file = cosmosis-standard-library/boltzmann/camb/camb.so




CosmoSIS standard library

. CAMB, CLASS, Halofit, Halofit Takahashi, MGCA
ISITGR

. WiggleZ, WMAP 4.1 & 5, Planck 2013/2015, BBN, Bicep,
BOSS, DES, CFHTLens, cluster masses, fgas, Riess SN

. window functions for photometric n(z), photoz bias
. intrinsic aligments, compute correlation functions
. JLA likelihood, SALT2 fitter

. Pk emulator, FrankenEmu, growth rate/factor



Try some short demos

These demos illustrate basic cosmosis concepts in action.
Demo 1: Get standard cosmological functions for a given cosmology
Demo 2: Get the Planck and BICEP likelihood for a given cosmology
Demo 3: Get a slice through the BICEP likelihood inr_T
Demo 4: Find the best fit cosmological parameters for a Planck likelihood
Demo 5: Running an MCMC analysis of supernova data
Demo 6: Get the CFHTLenS likelihood for a given cosmology

Demo 7: Get a 2D likelihood grid from BOSS DR9 measurements of f*sigma 8

Demo 8: Compare CAMB with Eisenstein & Hu; get growth factors; tweak plots

Demo 9: Get Bayesian evidence with Multinest; make scatter and custom plots

Demo 10: Compare constraints with two different halofit models for noninear power, sampling sigma_8 instead of A_s
Demo 11: Slice through constraints on modified gravity with isitGR and CFHTLenS; save full data for all grid points to file
Demo 12: Get the PDF for extreme cluster masses using the Tinker mass function

Demo 13: A fast grid sampling of the JLA supernovae using the Snake sampler

Demo 14: The Kombine sampler applied to cluster gas fraction measurements; advanced postprocessing options

Demo 15: More Galaxy Two-Point Comrelation Functions

Demo 16: Robust maximum-posteriors with the Minuit sampler

Demo 17: A Fisher Matrix for the Dark Energy Survey SV cosmic shear

Longer demos

These longer examples show realistic parameter constraint pipelines.

« Example A: Simple CosmoMC-like Metropolis-Hastings analysis for WMAP9

setup-cosmosis script uses UPS commands to activate
appropriate software and build CosmoSIS environment

https://bitbucket.org/joezuntz/cosmosis/wiki/Home



https://bitbucket.org/joezuntz/cosmosis/wiki/Home

* We invite contributors to the CosmoSIS Standard Library

* Clone repo into a new directory or use existing DES repo, LSST-DESC repo

e sign up to mailing list on wiki

a joezuntz
cosmosis
ACTIONS

¥, Clone
I@ Create branch
l3 Create pull request

More

NAVIGATION

Overview

Source

Commits

Branches

Pull requests

Issues 12
Wiki

Downloads 5

OO0 SomE

«

CosmoSIS modules

An overview

CosmoSIS is based on modules: separate, independent bits of code to do different bits of the physics and likelihood calculations. The CosmoSIS pipeline runs a
sequence of modules, passing the outputs of each on to the rest in the line.

A very simple pipeline might just have two modules; for example, the supernova model in our demo 5 has just two modules - one to get mu(z) and one to get the
likelihood of mu. More complex models with multiple systematics can be built out of more modules.

Splitting things up into discrete modules has several important advantages:

+ Possible to use multiple languages more cleanly

+ Ensure consistency when combining likelihoods

« Easier to replace part of the calculation

« Easier to compare two models

« Easier to debug things with clear inputs and outputs

« Easier to configure new and different pipelines without recompiling

There are several modules supplied with CosmoSIS

Creating a new module Addlng a COSmOSIS

This section describes the steps necessary for creating the code and structure of

the audience for their module in order to choose a suitable repository location (a I I I O d u | e

A module has two parts - the bit that does the actual calculation, and the bit thg
distinguish between these two functions. And also “what is a module?”

Calculation A CFHTLens example

You might have code already to do the calculation part, or want to start afresh or

Converting external code into a module Joe Zuntz




CosmoSIS

getting ready for LSST
* Currently people use CosmoSIS like this
CosmoSIS
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* Currently people use CosmoSIS like this
CosmoSIS

sampling

s B8

* Infrastructure can be used without sampling to call CatSim, ImSim to test the
LSST Data Management pipeline. Scott Dodelson co-convenor of LSST DESC
Computing and Infrastructure Working Group



CosmoSIS

getting ready for LSST
* Currently people use CosmoSIS like this
CosmoSIS
sampling

L(D|0)m (0
s B

* Infrastructure can be used without sampling to call CatSim, ImSim to test the
LSST Data Management pipeline.

GlelaleNIN CosmoSIS
single pipeline , sampling
— _ === sim _
AR data [es —> A

y

does a survey need to do to be ‘good  Feedback
enough’ for X science goal?” to IL.SST DM

Scott Daniel’s talk yesterday “what



* Connecting with Informatics and Statistics Science Collaboration,

Chad Schafer, co-chair

Informatics & Statistics
Science Collaboration

* Platform independent distribution via VM:
Docker 1mages, easy install on NERSC

* Fermilab L.SST DESC hack week April 2017



Advanced statistical techniques
Sampling beyond Metropolis-
Hastings



Some interesting features of alternative samplers

e Nested sampling skitting 200 =2 IMIULtIIN €St §netp://copforge.cse.rlacuk/gf/project /multinest/
* Ensemble sampling -> e.g. ii emcee hup://daniel fm/emeee/current/

* Clustering algorithms ->!Kombine

* Parallel tempering for initial distribution

* Hamiltonian Monte Carlo

* Population Monte Carlo, PMC

* Adaptive MCMC -> e.g. in PYMOC  nteps://github.com/pyme-devs/pyme,

* Fast/Slow sampling -> e.g. in CosmoMC

. Snake, } ! Minuit,; | Maxlike, igrid

* Approximate Bayesian Computation,,ABC



MultiNest

Efficient and Robust Bayesian Inference

* Multiple peaks in the posterior
identified and isolated

* 1so-likelihood contours
approximated by cov matrix of
active points




% emcee

the MCMC Hammer - Ensemble sampler, uses “walkers” to probe
parameter space

- Affine invariant

> oo PSS

T

chggse

Slide from Foreman- | Ensemble Samplers

Mackey’s talk at
Vanderbilt

in the real world




Dan Foreman-Mackey
& daniclfm

what about multimodal densities?

\“@\a‘-

* emcee isnt
always

The Right Choice™

p(f|D)

Slides from Foreman-Mackey’s talk
at Vanderbilt

kombine

5D 5mode T M |
MultiGaussian ik b o Y JLL |
example A T Wﬂk

comparison - M




Approximate Bayesian Computation

- Likelihood free parameter estimation

- works by simulating in a forward process



Approximate Bayesian Computation

Don’t assume anything for Likelthood
-Need to be able to simulate data at every point in parameter space
- Analytic formula for all systematic uncertainties is non-trivial

Incorporate into the simulation all of the statistical & systematic uncertainties using
models and priors

- -

distance metric threshold

Finding a distance metric which is sensitive to cosmology is crucial



T iteration levels with threshold levels

t=0: inittalize N points in
parameter space from prior

At every point run simulation.

points are only accepted if



T iteration levels with threshold levels

t=1: perturb a random
particle, using
covariance amongst
other particles

run simulation at
new proposal point

Accept 1f



T iteration levels with threshold levels

t="T: particles trace “true”
contours




ABC pros...

* ABC - free from any assumption for likelihood important for
complicated physical processes (N.B. for multiprobe analysts)

* For MCMC need accurate covariance C_1,j which includes all
systematics. Unbiased precision matrix. For ABC you don’t need this.

ABU cons .

* ABC can be slow and inefficient compared to MCMC - > if you are
certain of the Likelthood don’t use ABC !

* Need fast accurate simulations for ABC - not always possible



* ABC metric is user defined — this seezzs hand wavy
-in MCMC you choose a proposal distribution or some update
criteria for walkers - can also slow convergence/bias results if you
use incorrect choice

* ABC Summary statistics of data — this seews like a loss of information
-techinically these should be “sutficient” statistics
Think ot Gaussian data reduced to two point function,
no information loss

* When has my run converged? Both methods have no clear answer.. ..



* ABC Metric 1s user defined
using chi™2 is nof the same as MCMC analysis where logl.ike is chi”2 |

metric 1s distance
between
Proposed
Posterior and the
True posterior

e.g. when a Gaussian
Likelihood 1s assumed

ABC, 150 part, diag cov .
—— ABC, 150 part, full cov thlS doesn)t
have to be the

full Covariance
matrix!




ABC 1s new tool to play around with
but important fact is that

any Cosmology results should not depend
on the sampler or internal sampler choices

Using multiple methods 1s good check for robust results !



EJ, Rick Kessler & Dan Sconic in prep

DARK ENERG
SURVEY

New 1dea;

Match simulation and data
light curves by running
SNANA at

every point in parameter space
during sampling, systematics
naturally included

+ [-3.51, 0.96, 0.4763]
< x  sim

"o
lg'v\

'3);‘;:-:
M‘l‘ wm«uwn

- spline




No sys error contours match standard MCMC approach when MO fixed

Z.ero point offsets naturally included in the simulations - no way to fully do this in
standard MCMC

NB: sys effects amplified from expected DES
0.01 mag for effect !

- No systematics

......... 4 zero pt offset
systematics in griz

. Simulations of 2 [EEURAEE

+ DES-like sample Kessler
& Dan
Sconic

in prep



Parameter estimation
» modular approach is key: CosmoSIS

- facilitate collaboration, provenance tracking, consistency and

reproducibility:

» advanced sampling methods needed to handle:
correlations, large number of nuisance parameters.

- ABC method interesting alternative for including systematics
when likelithood 1s complicated



