Improving astrophysical scaling relations
with interpretable ML

(Jay) Digvijay Wadekar
Johns Hopkins U

with CCA cosmology group

(L. Thiele, J.C. Hill, E Villaescusa-Navarro, D. Spergel, M. Cranmer,
S. Pandey, N. Battaglia, S. Ho, D. Nagai, L. Hernquist)

arXiv:2201.01305 & 2209.02075 & in prep



Gravitational wave data-analysis (IAS pipeline)
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Enhancing a GWV search pipeline with ML

|.  Autoencoders for generating

Local matched filtering output

efficient template banks
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M, (M) Baryonic mass

What are scaling relations?

® [ow-scatter relations between properties
of complex astrophysical systems

e Often found empirically in observational/
simulation data

o Often found by fitting power laws to
2D data

o Galaxies
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A few popular scaling relations
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Cluster

Y-M relation is important for cluster cosmology
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Most scaling relations were obtained
by fitting curves (mostly power laws) to 2D data

Can we find relations with
better performance in higher dim. spaces
with ML tools!?



Problem statement

M juster =f ( Y>>, other observables?? )
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ML tools could be of help

Power
(input dimensionality/
data size)

Generalizability/

Interpretability
Decision-tree Deep neural

approaches networks
(e.g., random forests)

< |0 dimensions
< 10,000 data points



Symbolic regression (PySR: Cranmer et al. 23)

(z-z)—y

https://youtu.be/
JezicSUsyxs!?

si=_ApC5Kczch
UPUYg&t=15

— Truth

— Prediction
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Reasons for dependence:

|. Central regions of clusters are noisier
(conc. can be used to down-weight central regions)

2. Conc. of gas is related to non-thermal pressure
Kravtsov et al. 06,

> Arnaud et al. |0



Excellent generalization to high masses!!
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Part |l : Reducing deviation from self-similarity (pow. law)

CAMELS - SIMBA
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Due to ejection of gas from clusters from AGN/SN feedback
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Other applications: galaxy-halo connection
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Summary

% Interpretable ML tools like symbolic
regression can be used to robustly
improve astrophysical scaling relations

- Using gas conc. reduces scatter in SZ mass
estimates by 20-30% for large clusters

- Including stellar to gas mass ratio reduces
deviation from self-similarity by factor >2

= Suggestions for other scaling relations?
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Application to other scaling relations!?

Stellar-halo mass relation

.....................................

-== Behroozi et al., 2013
== Moster et al., 2013 :
« EAGLE 100 Mpc, centrals |
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Error

Choosing equations with symbolic reg. (Pareto curve)

S = 23.7
S = 4.64logA>
¢ - 3 1354
B 55 + A
% o 0 445 5884
- 3381 — 84 340 + 0.049A2
p— 384 5074
- 3415 — 84 593 + 0.247A% — 184
386 4352
S =27 +4e7%43 +

3384 —8A 569 + 0.2594% — 194

Complexity
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