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About me

Current: Postdoc at University of Arizona
Past: University of Waterloo, II'l' Kanpur
Research interest:

*  Fast inference methods using ML (This talk)
*  Bayesian field-level inference

*  Direct probes of peculiar velocity



Current and upcoming cosmological surveys
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Data analysis for Stage-IV survey
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Inference process

e Inference using MCMC or
nested sampling algorithms

e MCMUC  runs are expensive,

e.g, each LSST 3x2 point
analysis require O(10k GPUh)

e Robust data analysis will

necessitate thousands of
simulated MCMC runs
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Simulated likelihood analyses

simulated Y3 cosmic shear
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Challenge I: slow evaluation of model data vector
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Challenge I: slow evaluation of model data vector

Boltzmann codes / numerical
Integration are expensive.

0(10° — 10°) evaluations
required in each MCMC

analysis.

Alternatve: Use an emulator to
speed-up data vector
evaluation.

After the mitial computation

of the data vectors, each call
in MCGMC very fast
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Challenge II: Emulation in high dimensions

e Stage-IV analyses systematics-
limited => more complex dimension is
systematics modeling .non-trivial!

® ~ (O( 2 50) dimensional inference

104 -

¢ High dimensional emulation 1s hard

(Curse of dimensionality) :
¢ Numerical experiment: .
10° 1
e (reate LH sample within [—46.,40] of |
6 7 8 9 10 11 12
Number of dimensions

a D-dim Gaussian
Need:
- O(10°) points for 12 dimensions

- 0(107) points for 20 dimensions

¢ Determine # of points required to
sample to get 50 points within 3¢ ball



o T T M o o o o o e o o o o o=,

Iterative Emulator to the rescue

Initial Latin
Hypercube sample

Iteration 0

L]

Iterative emulator

Calculate Data
Vectors

Randomly select
samples

Sample from
tempered posterior

training
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Add to training
Samples
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Train NN/GP

Final Samples <:’ Run MCMC

Motivation: For inference, we only need high-fidelity

emulation in the high posterior region
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Idea: Use an iterative emulator to focus into the high posterior region,
adding samples from the high posterior region
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GP emulator

7 3x2pt forecast for LSST-Y 1

: : Accurate posterlors

- with an order of

: Magnitude speed-up ; e Demonstrate utility of the emulator
on a realistic forecast of LSST-Y1

3x2 point analysis:

o Use COCOA (COBAYA/

Cosmol.ike joint architecture)
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e Realistic systematics modeling
(IA/galaxy bias/baryons/
photo-z bias)
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Case study: Impact of baryons on
3x2pt analysis
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Baryons impact the
distribution of matter on
small scales

Usually mitigated by
cutting small scales in the
analysis

Need simulated analyses
to determine scale cuts/
analysis choice to mitigate
baryonic effects



Case study: Impact ot baryons on
3x2pt analysis

Study different scale-cuts by
reusing trained emulator

Use scales up to 2.5 arcmin

Highly biased for BAHAMAS
(18.0) w/0 any mitigation scheme

Mitigated using a PCA

marginalization approach

Impose prior on n, to eliminate
residual biases
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Baryon marginalization assuming
BAHAMAS (T8.0) contaminated data vector




(Extremely) Fast scale-cut analyses

BAHAMAS T8.0
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e 5 minutes wall-time per analysis. ©(1000) speed-up!

¢ Need one trained emulator for: ;) Different sca

e cuts, ) Different

priors, uz) Different observed data vector, w) Sub-space of

parameter space.




Summary

e (hallenges for data analysis of upcoming surveys:
* (Computation cost for inference 1s prohibitive
* Emulation 1n high-dimensions 1s non-trivial

¢ We designed an iterative scheme that leads to fast and accurate
inference. Demonstrated on LSS T-Y'1 3x2 point forecast.

o |deal for:
* Quantitying impact of different systematics
* Optimizing survey strategy

* Assessing tensions



