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Introduction

* Context: realistic astrophysical simulations
needs to compute several processes
(gravity, fluid-dynamic, radiation and chemistry).

* Problem: non-equilibrium chemistry is among the most
difficult tasks to include in astrophysical simulations:

high (>40) number of reactions

short evolutionary timescales

non-linearity and stiffness of the associate ODEs

Load balancing for parallel computation

* Aim: Replacing of classical ODEs solvers

with fast deep learning based emulators ("l{
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InterStellar Medium physics

Decataldo et al;2020 processes approximate
CPU cost

(self)gravity v2® p— 47TGIO ~10%
Fluid 8tz/{ + V. F=S8 ~20%

dynamics
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Molecular Cloud (MC)
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non-equilibrium chemistry evolution plays a crucial role
in cosmological and astrophysical phenomena,
especially in the study of InterStellar Medium (ISM)
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G(IC, F)

V € R"” KeX

Universal approximation theorem — Let ' {X . ]Rm) denote the set of continuous functions from a subset X of a Euclidean [R™ space
to a Euclidean space R™. Leto € C(IR, R). Note that (& o z); = o(z;), so ¢ o & denotes ¢ applied to each component of .

Then ¢ is not polynomial if and only if for every n € N, m € N, compact K C R™, f € C(K,R™),& > Othereexistk € N,
A € R¥" p e RF C € BR™** such that

sup || f(z) —g(z)| <e
zell

where g(z) = C - (g o (A-z +b))
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Theorem 1 (Universal Approximation Theorem for Operator).
Suppose that o is a continuous non-polynomial function, X is a Banach
space, K, CX, K» C R are two compact sets in X and RY, respectively,
Vis a compact set in C(K,), G is a nonlinear continuous operator,
which maps V into C(K,). Then for any € >0, there are positive integers
n, p and m, constants cf, {;";., 9?, (r ER,w € R, x€K,i=1,...,n,
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PDR test
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T, = 10°K log(N/cm—?)

R. ~ 16pc
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Some considerations

Coupling with simulations: Generalization: operator are better than functions.
However...

Outliers (rel_err>50%) appear every 106

inferences 1
0.12

Not clear how to manage the error propagation o

0.08 -

MPE

More chemical species:
0.02-
Dataset became huge! 0 20 p 60 80 100

distance %




Summary
* |ISM (photo-thermo) chemistry represents a
current challenge in astrophysical simulations

* We developed a Neural Operator based
emulator to replace procedural solvers

* Accuracy around 1%
e For the first time we Iinclude radiation field



Thanks!
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