Reduced basis methods for uncertainty
dquantification in nuclear physics

Other
brands

Reduced Basis
Method

Pablo Giuliani
giulianp@frib.msu.edu




Outline

Why

P Uncertainty Quantification?

How

The Reduced Basis Method

How it works

Problems table

Applications and Results

Takeaways



Outline

Why
P Uncertainty Quantification?

How &
The Reduced Basis Method

How it works Dean

Problems table

Applications and Results

. Jorge\P Frederi Kyle Edgard me |

Takeaways




Why Uncertainty Quantification?

Applications | Many interests |

/—->

Structure

Symmetries

Projected FRIB beam rates

§>108s"
106 — 108 s

N 104-108s1
102 - 104 s
100 - 102 s
102100 s

|10-4-10-2 s

106 -104 g1

I” Figure adapted from A. Spyrou

Neutrons



Why Uncertainty Quantification?

______ 1 .
: r-process | Many interests |

Masses Astropb

| Many models |

UNEDF# SV-min SkM* HFB# FRDM# e

Projected FRIB beam rates

§>108s"
106 — 108 s

N 104-108s1
102 - 104 s
100 - 102 s
102100 s

|10-4-10-2 s
106 - 104 -1

I” Figure adapted from A. Spyrou

Neutrons



Why Uncertainty Quantification?

______ 1 .
: r-process | Many interests |

Lifetimes (Fission)

(B decay)
Capture

Masses coo Astrophysics

| Many models |

Projected FRIB beam rates

J > 1085
6 _ 108 <1
Charge Exchange 104 106 5_1
Transfer, surogate (ny) B 104—10°s

102 - 104 s

B-Oslo = (n.y) 100 - 102 51

%) - _ _
5 Many experiments, < TAS, mass measurements 102-100 s
§ many nuclei Discrete y spectroscopy I 10-;1 - 102 g1
o 106 — 104 &1

™ Figure adapted from A. Spyrou Bn - measurements
Half-life, ToF mass

Neutrons \



|
| F-process

| Many interests |

https://www.ligo.caltech.edu/image/ligo20160211a

0.35 0.40
Time (sec)

observations

Many experiments,
many nuclei

Protons

Neutrons



Why Uncertainty Quantification?

| Many interests |

| Many models |

Many
observations

P

Many experiments,
many nuclei




Why Uncertainty Quantification?

| Many interests |

' 4 | FRIB-TA Topical Program:
t’ l?ceu(.?:z ggizgeelsmope s Theoretical Justifications and
May 2023 Motivations for Early High-Profile

FRIB Experiments
Main priority:
experimental design

Many
observations

Many experiments,
many nuclei




Why Uncertainty Quantification?
NSAC Long Range Plan Town Hall Meeting on Nuclear 44

Structure, Reactions and Astrophysics  nov 14 - 16, 2022 § Sl I



Why Uncertainty Quantification?

NSAC Long Range Plan Town Hall Meeting on Nuclear 4
Structure, Reactions and Astrophysics

Nov 14 — 16, 2022

Bayesian rr_‘ethOds for flat the intersection of low-energy nuclear physics {| - Tremendous progress || Integrated structure & reaction theory for medium-mass and heavy nuclei
extrapolatlons to and fundamental symmetries Alejandro Garcia in CEFT, many-body theory, UQ & HPC
. - o ! _ ) . ! Deploy ML/AI tools and assess
stellar energ|es Experiencing a revolution in our field brought by: Bayesian statistics allows for rigorous o
UQ & propagation in EFT-based uncertainties
Needs Daniel Phillips J}f 2. Improved theory allowing for calculations (use emulators!) Christian Jutta Esch . . .
optimizing opportunities and Drischler utta tscher, (In eut"on-rlCh environm
Detailed discussion of systematic uncertainties, ideally with covariance calculating SM expectations, D

matrices, in experimental publications; theory-experiment collaboration

including uncertainties. Studies examining variations in theoretical y-strength

functions and nuclear level densities show the large
impact of (n,y) rate uncertainties on astrophysical neutron
capture processes (i-process and )

Nicole Vassh

Collaboration with statisticians (e.g., through ISNET series of meetings,

Coborston wih st _ Intersections of low-energy nuclear
unding for inter-disciplinary collaboration) on forefront statistical

e —— C. Hebborn physics and fundamental symmetries

EnChanCing the accuracy Of SVStemaUC measurements along What progress has been Max Brodeur, Vincenzo Cirigliano, Alejandro Garcia, Kyle
optical potentials isotopic chains to improve

' . Leach, Dan Melconian, Peter Mueller, Saori Pastore, Jaideep h d f
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extrapolation & interpolation || e.g. for transfer reactions -> ADWA o DWEA? beta decay in the extraction of Vud (both nuclear and radiative) - especially
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over the next decade & their potential scientific impact?

* Reactions are awesome: Reactions are the best window into the structure and dynamics of
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and Bayesian methods: Betty Tsang . 4 .
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control parameter in the Hamiltonian matrix exceeds some threshold value. In this Letter we present a new
technique called eigenvector continuation that can extend the reach of these methods. The key insight is that
while an eigenvector resides in a linear space with enormous dimensions, the eigenvector trajectory generated
by smooth changes of the Hamiltonian matrix is well approximated by a very low-dimensional manifold. We
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Equations Sovlmi;E:r:jﬁ'u) c 6:,} ‘] we will further discuss these issues in Chap. 5. The idea behind RB methods is to
q generate an approximate solution to problem (3.11) belonging to a low-dimensional

ﬁ]lntroduction ol subspace Vy C V), of dimension N < N,,. The smaller N, the cheaper the reduced
problem to solve. Precisely, setting a RB method entails:

1. the construction of a basis of Vy. We start from a set of high-fidelity solutions

{un(p), ..., un(n™)}, (3.18)

that we call snapshots, corresponding to a set of N selected parameters

Sy={u',... .y’ c 2. (3.19)




Dimensionality reduction and polynomial chaos
Bayesian inference in inverse problems

Youssef M. Marzouk **, Habib N. Najm"

A REDUCED ORDER MODEL FOR MULTI-GROUP TIME-DEPENDENT
PARAMETRIZED REACTOR SPATIAL KINETICS

Sartori, et al

(2014)

Alfio Quarteroni
Andrea Manzoni
Federico Negri

Reduced Basis

Methods for
Partial Differential

Equations

An Introduction

acceleration of

(2009)

AAAAAAAAAAAAAA

Benjamin Stamm

Certified Reduced
Basis Methods
for Parametrized

Reduced-order modeling of time-dependent PDEs
with multiple parameters in the boundary data

Max D. Gunzburger **!, Janet S. Peterson *!, John N. Shadid >
(2006)

Partial Differential
Equations

(2016)

An ‘empirical interpolation” method: application to efficient
reduced-basis discretization of partial differential equations

Maxime Barrault?®, Yvon Maday ®, Ngoc Cuong Nguyen ¢, Anthony T. Patera ¢

DATA-DRIVEN
SCIENCE AND
ENGINEERING

Machine Learning,
Dynamical Systems,
and Control

(2004) /

¥

Ve

(2019)



Dimensionality reduction and polynomial chaos acceleration of
Bayesian inference in inverse problems

Youssef M. Marzouk **, Habib N. Najm"

Alfio Quarteroni
Andrea Manzoni
Federico Negri

Reduced Basis
Methods for ‘
Partial Differential

Equations

An Introduction

. :>*

@ Springer

A REDUCED ORDER MODEL FOR MULTI-GROUP TIME-DEPENDENT
PARAMETRIZED REACTOR SPATIAL KINETICS

(2014)

Sartori, et al

Reduced-order modeling of time-dependent PDEs
with multiple parameters in the boundary data

Max D. Gunzburger **!, Janet S. Peterson *', John N. Shadid ®2
(2006)

An ‘empirical interpolation” method: application to efficient
reduced-basis discretization of partial differential equations

Maxime Barrault®, Yvon Maday ®, Ngoc Cuong Nguyen ¢, Anthony T. Patera ¢
(2004)

(2009)

lllllllllllllllllllllllllll

Benjamin Stamm

Certified Reduced
Basis Methods
for Parametrized
Partial Differential
Equations

DATA-DRIVEN

SCIENCE AND

ENGINEERING
Machine Learning,

Dynamical Systems,
and Control




Improved many-body expansions from eigenvector continuation
QZOZ O)
P. Demol ®,' T. Duguet,"> A. Ekstrom,® M. Frosini,> K. Hebeler,*> S. Konig®,*>
A. Schwenk,*>® V. Soma,? and A. Tichai ®%845.*

7

]

The nuclear potential that we employ is additive in the d =
16 LECs, i.e., we can express the Hamiltonian as H(c) = Hg +
Zle ¢iH;, where Hp includes the kinetic energy. Any Hamilto-
nian with more than one interaction parameter can be written in
this form, where each ¢; in general may be depend nonlinearly

] . . . .
Note that because the « Jparameters do not appear linearly in the Hamiltonian, on other parameters. Furthermore, each term H; for i=1.....16
one can no longer make a single set of matrix elements calculations for all of the can be projected onto the EC subspace once and then used for an
arbitrary number of emulations, Fach of these corresponds- to a
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! Department of Physics, The Ohio State University, Columbus, OH 43210, |, commits
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@ Collocation-Ms United States of America time ago
(9 Cool-technique.py We have shown that the ‘RB method’ is the established name of the methods described
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Fast & accurate emulation of two-body scattering
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Anomaly detection and removal

Basic idea: emulate a variety of matrices
associated with different boundary
conditions and check for consistency
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H
=

Filter out all inconsistent pairs {L;, L};

- 14.llG 14.I18 14.I20 1-1.I22 14.I24
and average over (“mix”) the

E(MeV)
remaining pairs with weight AG(L;, L)

Might be needed if
emulator acts funny
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Most important outcome:

Software useful for the community

import rose

rose

def potential (r, alpha):
alpha0O, alphal, .. = alpha
return alphal *
woods_saxon (

— Python r, alphal, alphaZ2
Voo L) Ve
- BAND Framework v0.3
interaction = InteractionEIM/(

— Supports local, complex, non-affine potential,
interactions. num_params,

reduced mass,

— Designed to be user-friendly. e, B L B B
- See pseUdO-COde - is complex=True

- Reduced-0Order Scattering Emulator

— Supports user-supplied solutions
sae = ScatteringAmplitudeEmulator (
interaction,
training points,
1 max

P A KNI |

Bayesian Analysis of Nuclear Dynamics .
cross section = sae.emulate (alpha)
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Most important outcome:

Software useful for the community

rose

- Reduced-0Order Scattering Emulator
- Python
- BAND Framework v0.3

- Supports local, complex, non-affine
interactions.

- Designed to be user-friendly.
- See pseudo-code =
— Supports user-supplied solutions

P A KNI

Bayesian Analysis of Nuclear Dynamics

hRiiTatatal i afat-V-1

— F emulation with Coulomb

- works below threshold (AB)
- nonlocal potentials

- 3-body scattering £
— T instead of ¢

- Coupled channels

1 max

)

cross section = sae.emulate (alpha)
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4) Boundary conditions

» Independent term

5) Incompatible domains

—p» Reference domain

6) Non-affine operators

Challenges:

1) Boundary conditions /
2) Anomalies /

*
3) Energy dependence /
4) Nonh-affine potentials /

» Empirical Interpolation Method
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Applications of reduced-basis methods to the nuclear single-particle spectrum

Amy L. Anderson ," Graham L. O’Donnell,” and J. Piekarewicz ©%

Department of Physics, Florida State University, Tallahassee, Florida 32306, USA

& (Received 1 July 2022; accepted 20 September 2022; published 30 September 2022)

Reduced-basis methods provide a powerful framework for building efficient and accurate emulators. Although
widely applied in many fields to simplify complex models, reduced-basis methods have only been recently
introduced into nuclear physics. In this Letter we build an emulator to study the single-particle structure of
atomic nuclei. By scaling a suitable mean-field Hamiltonian, a “universal” reduced basis is constructed capable
of accurately and efficiently reproduce the entire single-particle spectrum of a variety of nuclei. Indeed, the
reduced-basis model reproduces both ground- and excited-state energies as well as the associated wave functions
with remarkable accuracy. Our results bode well for more demanding applications that use Bayesian optimization

to calibrate nuclear energy density functionals.
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Optical potentials for the rare-isotope beam era (2022)

In regions of the nuclear chart away from stability, which represent a frontier in
nuclear science over the coming decade and which will be probed at new rare-
isotope beam facilities worldwide, there is a targeted need to quantify and
reduce theoretical reaction model uncertainties, especially with respect to

nuclear optical potentials.
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Reduced Basis Method
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Reduced Basis Methods
in Nuclear Physics
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BUQEYE Guide to Projection-Based Emulators in
Nuclear Physics
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