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 Respects physics (not too relevant in our context)
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Parameter inference

Embedded model error method Uncertainty Propagation

e Given a model f(x,c) and data y; = y(x;), calibrate pa- Statictical S, Tl
rameters ¢ such that y; ~ f(z;, ¢) ® >tatistical correction inside the mode Forward UQ via Polynomial Chaos (PC)
—Linear model y ~ Ac with coefficients ¢, or yi = f (i, ¢+ dN(07 1)) Baced o  MLIAP fit ceuct input PC f
—NN model y =~ NN.(x) with weights/biases c. e Can be done non-intrusively, with a surrogate * a>ed on - bayestah V- 'L, construct inpu of
— MLIAP parameters ¢ = » ;" ap V(&)
. - e Jointly infer parameters of model and model error | =
o Weighted least-squares fit: 7 T 7 e Sample input parameters and IAPs, E(x) = f(x, ¢)
* ! N 2 . __y. 2 p(C, ‘y) X p(y‘cv )p(C, ) . .
c* = argmin, p ;" w; (f(xi;¢) — yi) 4ot L e Obtain molecular dynamics Qols h = M D(E(x))
e Degenerate likelihood: needs approximations | | P |
Likelihood function or data model —Independent output approximation (1I1D): ‘regl?:;LCiloEC expansion for MD Qols: i = ) ;~ 0, Wi(E) via
Posterior PDF  Prior PDF Model Data N (pef(@i,€)—yi)” o
/ ] / / p(c,dly) o< [ [;2; exp 207(21,0) e Evaluate Qols statistics, compare to DFT benchmarks
N , . . . . g L .
(x;,€) — ;) — Approximate Bayesian computation (ABC): e \Variance-based decomposition (global sensitivity analysis
e i@ s [l (_(f 207 : ) " Al / p : ( | : of the output PCs i e ’ ysis)
| ]‘ /i=1 : oe.dly) Hexp( (17(s, €) — Yi) +(Uf<$z>2€) — o|p(zi ¢) — yi) )
Likelihood i—1 2€
| - - Summary
Classical case Model error, |ID likelihood Model error, ABC likelihood _ _ _ _ _ _
4 Prior contains previous knowledge or regularization L Meio0 oy e o N=100, ot arer=3 _u-100, oy arer=3 e Bayesian fit of ML interatomic pote.ntlals: superwsed ML
ol = o o] = R e Embedded model error with baked-in uncertainty
4+ Likelihood contains data noise modeling assumptions, M : : :
g —Model-error uncertainty capturing the true residual
eg. Yy =f(x,c)+ o€, wheree; ~ N(0,1) § _ ) e Polynomial chaos based uncertainty propagation through
Data Model e T molecular dynamics

N Nbis reserch s funded by the . Departmentof Energy, Office of Sience contact: Khachik Sargsyan, ksargsy@sandia.gov Sandia Natons! Labortories s 3 2 mulimision abortory managed and operated by - INYSE
EN ERGY Fusion Energy Sciences (FES). | Honeywell International, Inc., for the U.S. Department of,Energg/’s National Nuclear Security Administration Na,,-o,,a,m,c,ea,Sec,,,,-,yAdm,-,,,-s;;,,-o,,

under contract DE-NA-0003525.



