Meeting nuclear challenges with RBM emulators
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AOverview: RBM emulators for challenges in nuclear physics
AMore effective RBMs and offline training: 2N and 3N scattering
ANon-affine models: optical potentials

AComplex energies: extracting and emulating continuum physics

ASummary and outlook
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AOverview: RBM emulators for challenges in nuclear physics



Universe of model reduction methods

reduced order models

UQ need:to vary parameters for
calibration, sensitivity analyses, ...

data driven model driven

Exploit: much information in high
fidelity models is superfluous.

Gaussian process

reduced basis
methods

neural network

ergenvector

dynamic mode _ ,
continuation

decomposition

Solution: reduced-order models A
emulators (fast & accurate™).

Data driven: interpolate output of high-fidelity model w/o understanding
E+c0 GOt all] ¢cett ReUWG!I YHItH Dt 6Wc!I qRNRARcG WU

Model driven: derive reduced-order equations from highfidelity equations
Features: physicsbased, respects underlying structureA can extrapolate; often uses projection

Hybrid: learn from data but physicsinformed. E.g., Parametric Matrix Models (PMMSs).

Here: developments with Reduced Basis Models (RBMSs)



Schematic picture of projectiofbased emulators

Variational A stationary functional

EWY] = (W|H(O)|p) — E(0) ({(|) — 1)

Use trialy) = Y7, Bili)  (@ind
Solve generalized elgenvalue problem:

~ H(9)(6) = E(6)NA(6)
[H (0))i; = (W HO)|¥5), [N(O)]:; = (ilts)

Jhe) ™.

H(0;) [v:) = E(O;) [5) Galerkinprojection A use weak form
(C|H(0) — E(0)[¢) =0, V((
AHighfidelity trajectory is in blue. Reduce dimensiolfy)) — |{£) — ZZ 1 Bilvi)
ATwo highfidelity snapshots‘(;, ‘ ,) Limit orthogonality:(¢;|[H(8) — E(0)|:) = 0

AThey span the ROM subspace (grey) | K2 %¢|= il
2\(z | — ')

ASubspace projection shown fer(@))
pace proj More general{(G;| # (¢:|  (Pet@alerkir)



Schematic picture of projectiofbased emulators
hioh_fidels How to choose the snapshot basis?
igh-fidelity spacel . ) Spacefilling sampling(e.g., LHC) then
singular value decomposition (POD)
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Parametric eigenvalue problem

H(0;) |v;) = E(0;) i)

AHighfidelity trajectory is in blue.
ATwo highfidelity snapshots‘(;, ‘ )
AThey span the ROM subspace (grey) i) Develop error estimator andjyreedy

ASubspace projection shown far(8)) algorithm [E. Bonilla et al. (2022 Sarkar et al.
(2022]



https://journals.aps.org/prc/abstract/10.1103/PhysRevC.106.054322
https://journals.aps.org/prresearch/abstract/10.1103/PhysRevResearch.4.023214
https://journals.aps.org/prresearch/abstract/10.1103/PhysRevResearch.4.023214

Snapshot RBM emulators for nuclear observables

Groundstate eigenvectors from a selection Applied to many different observables:
of parameter sets is an extremely effective A Groundstate properties (energies, radii)

variational basis for other parameter sets. A Transition matrix elements
Characteristicsfast & accurate! Scales! A Excited states
- AResonances
_14'_ 3 dimensions, 12 training data ]
@ Eigenvector Continuation | Adapted to special situations and methods
—~ B Polynomial Interpolation « - - .
E =i Y Gaussian Process 4 A Palrlng! She” mOdeI
| | ACoupled cluster approach; MBPT
i “He energy _ = | AsSystems in a finite box
8 —17} o ] A Subspace diag. on quantum computers
E_1sf m s, B~  ECfronErame etal. (2018) | Extended to noreigenvalue problems
< - O ,; : : : e
N o EC as emulatoKonig et al. (2020} A Reactions ar_1d scattering; flssm_)n
A hw = 36, Nyax = 16 ] A Quantum spin system phase diagrams
o . . . SeeDuguet et al., RMP (20249r more details and refs.

Exact value (MeV)
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https://inspirehep.net/literature/2715640
https://www-sciencedirect-com.proxy.lib.ohio-state.edu/science/article/pii/S0370269320306171?via%3Dihub
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.032501

Constructing a reducethasis model (aka emulator)

High-fidelity system

H(0) ¥) =E [¥)
= B
Nh X Nh ) Nh- ] Nh-
Time: ( ) per 6 sample

CPU time scales with the length of ( )

A J. A. Melendeet al., J. Phys. G
49, 102001 (2022)

A E. Bonilla, P. Giuliani et al.,
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https://www.frontiersin.org/articles/10.3389/fphy.2022.1054524/full
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Constructing a reducedbasis model (aka emulator)

e T i . | f
High-fidelity system Constructing a reduced-order model for bound states

Offline stage

H(6) )y =E |¢¥) Snapshots (6;) Projectio (after orthonormalizing snapshots
Nh X Nh Nh Nh Nh X Np np X Nh Nh X Nh Nh X Np Nnp X Np
Time: ( ) per 6 sample np X @ D ~ ( D
CPU time scales with the length of ( )

: , , _ A J. A. Melendeet al., J. Phys. G
A Offline stage (precalculations of sizBl): 49102001 (2022)

A Cor?struc_t bqsis_using snapshots from Iﬁﬁi(gle_lity system (simulator) x c o iia . Givliani et al.
A Project higHfidelity system to smaipace using snapshots Phys. Rev. C 106, 054322 (20
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https://doi.org/10.3389/fphy.2022.1092931
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Constructing a reducedbasis model (aka emulator)

Constructing a reduced-order model for bound states

High-fidelity system
Offline stage Online stage

H(6) V) =E |¢) Snapshots 1(0,) Projection (after orthonormalizing snapshots) Emulation (E ~ E)
- - H@) B =ENG
(N=1)
Nh X Nh Nh Nh Nh X Np np X Nh Nh X Nh Nh X Np Np X Np All size—nb operations
Time: ( ) per 8 sample np X @ ) ~ ( ) () per 6 sample
CPU time scales with the length of )

A For speed: only sizg, operations in online stagd affine structure
What if nonaffine?

H(6) =Ho+ Y 0,Hy 3 affine in— YL S
mn

b (W H(O) ;) = (i Holws) + > 0 (s Hnltp;) — mp X np matrices
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AMore effective RBMs and offline training: 2N and 3N scattering



Challenges of 9 @Enuclear manybody theory

ATremendous progress ab
Initio calculations with multiple
many-body methods

APrecision calculations need
uncertainty quantification but
calculations are expensive

A Largest uncertainties from
Hamiltonian (2N + 3N forces)

A Systematic EFT expansion but
many parameters to determine
A not best fits butdistributions

LO
(Q/A\)°

NLO
(Q/Ay)?

NNLO
(Q/AY)?

N3LO
((J/A X ) ’

N*LO
(Q/A)°

N°LO
(Q/A)°

X1 Constrained by chiral symmetry
X\::;;H:;;:j Q ~ {momentum, m }
[H“] Ay -~ 600 MeV
e L BOSHORR
-X X + 0DV, + 0PV + ...




Reduced order models: (Petre)salerkinprojections

scattered
s wavefunction HELLEO: Galerkin(G) ROM

L) 0+ 20 200 2(0) ~ 3 5:0)210) = XB0

free wavefunction ~ 1=1 Snapshot matrix”"

(@=yo and y(a) =y}
° ’ ’ Projection: [XTA(@X] E(é) = be(éj

|

" . 1
b dzY S NdedhodAiterative) Reduced matrix

2
— — — 6
Ynt1 = 2Yn + Yn—1 = 15 (fat1 +10fn + fr1) + O(h%). LeastSquares PetrovGalerkin(LSPG) ROM

Reo_luct_ion.: [YTA(Q)X] B*: YTE_)}(Q)

Projection:

AGZO) =b0) | vo(ax - 4yX b o byl
Already FAST!

ConstructY'Y'T asthogonal projector onto

residuals R(E) — A(J)Xg— 5(5)




Emulator basis construction "5t rc 0

PO Approach Greedy Algorithm

high-fidelity spa,ce| FOM trajectory

Y. /| T~ T S S e L >

X k) [1b2)
) ] e 2\
/ ................ |¢(9)> Snapshot #2

Snapshot #1

2 KSNB G2 LI OS I

SnapShO'[@ . Truncated SV .. Urthonormalization |
(100 FOM samples) (6 FOM samples)

1. Spacefiling samplingcombined with a@Proper \}. ,..-""'J
Orthogonal Decomposition (POD) { Emulator Basis J

. . L {ns =)
2. Active learningapproach based oarror estimationand

agreedy algorithm greedy method uses far fewer FOM solutio 3
iteratively adding snapshots,

See also: Sarkar & Lee, PRR23214 ; Bonillat al., PRA06, 054322




Proper Orthogonal Decomposition (POD)

POD is based on a (truncated) Singular Value Decomposition (SVD) of the snapshot basis:
See also Principal Component Analysis (PCA)

al

U andV are unitary matrices ¢.g., UUt=UU= 1|) containing the singular vectors
1 is a diagonal matrixvith decreasing, nonnegative diagonal entries (singular values)

Truncating singular vectors corresponding to ttemallest singular values results in the best possible-rank
approximation (inFrobeniusnorm) to the originaM (low-rank approximation)



Greedy Algorithm
In Action (preview)

start with 2
randomly placed
initial snapshots

Estimate the
emulator error
across the

parameter space

Place the next
snapshot(s) at the
location(s) of
maximum
estimated error

Iterate until the
requestedaccuracy
Is obtained

Greedylteration
Increasing accuracy

(1D problem for
illustration)

abe, ermoms (teration #1) abs, emroms (iteration #0)

abe, errors [iteration #2)

|l — x| (G-ROM)

1% — %] (LSPG-ROM)

~150 -1} -5 D -200 -150 —100
V, [MeV] V. [Me¥]

Ehimrwtical bounds
" A ST0E

—— Llrus erroo
= panimated error
== graled estimated error

Maldonado, Drischlerjf,
af Ay, brKik2b04.06092
(PRC 2025)



Emulator error estimation forgreedyalgorithm

Error estimates: residual as@oxy for exact error

& — 2| — |R(B)| = |A(B)XB — b(6)|

\ exact error

Fast & accurate error estimation in theeducedspace

< AT

- $|2 b O'min(A)

Also derived: similar error bounds for phase shifts

Opportunities/challenges:

A estimate the extremal singular valuessing the
Successive Constraint Method (SCM)

A use theupper boundas a conservative error estimate

start with 2
randomly placed
initial snapshots

Place the next
snapshot(s) at the
location(s) of
maximum
estimated error

1)

abe, emors [iteration #00

]‘I:I"l'lllll | L b o g O il

abs, arrors (teration 1)

]‘I:I'}llll L o b o JN

Greedyiteration
increasing accuracy
abs, erTors [iteration #2)

W =26 -151 -1k =5 0

V. [MeV)

m— frus erros Ehimsreticnl bounds
= panimated error =EEE ENEAE SITOE

== mraled csbimated ermor
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M Chiral Potential

Gezerliet al. (N2LO)

I L
[LL-.E’I‘." ROM | i

B Giresdy (worss)
B Croedy bzt

. oD
Bl LHS

i

B Creedy {worst |
B Gireedy (hesi)

N FOn
Bl LHS

(b]

i+ 4 b

fi

T B

Number of snapshots/dominant PO modes

PODobtains highaccuracyas it has
access to the most informatiolut:
expensive!

Greedy emulator:

w similar accuracyhroughout but
using farfewerhighfidelity
calculationsMuch less expensive!

of the initial snapshot bases

Finds andemoves spurious
singularitiesknown as Kohn
anomalies (LSPRBOM is free of
such anomalies)

training set: 200 random points, validation set#*@ndom points

identifies & remedies poor choice:

Maldonado, Dri

schlerjf et al,,

arXiv:2504.06092 (PRC 2025)

Lol (a) E =100 MeV .
s
&
S
= I
< | |
10—61 E
ol — G—ROI\.:I E LS.PG—ROMI
10 (b) ——— Exact L e Estimated
103 i === Secaled Est. E Bound
5 i
5 10 e
© /,' E AN
2 10-3 ' Y
) | L.eeeesesassessnan, TETTTI B
= : i
10~° |
ol . o | |
W0 %4 "7 10 13
Cs [fm?]




Extension to coupled channels & momentum spg

Giri, Kim, Drischler, Elstej et al., in prep.

TS, (k, ks E) = Vi (k,K) + Y

/oo dk” kﬂ2 -[/fj;”(k? k”)Tfj”f’(kH? kl? E)
0 E —E" + ¢

EH

gives access to a wide range o

As before, the greedy algorithm exhibits a fast convergence pattern. - -
Jreedy &l Jencep modern chiral potentials
ﬂ Proof of principle:Bayesian calibration Emulation of , Here: local NLO GT+

‘ | .. Of Chiral NN potentials phase shifts — Fxact ©  FEmulated chiral potentials

/ ﬂk (including emulator errors) 0 =

ol . G G, 150 -

Y- ﬂ _ —10F s

,w‘: ' o C_]_, Q, Q; C:lv Ql C\G’ q %0100 38 3D .

7 - < 100F 1 7 1 HPC:
i = = - or
7 ; === ooy 501 a0k _ rigorous
' Jﬂk | 0 speedup
i - . 0= . . ' 102 ' factors
ﬂ 5 10 102 hanks o
i = e % 1072
‘0000 / )  fe e 0 ;
‘ese’v\eoe = L L

Al it | v 0 200 0 200 0 200

‘0% 0%\00 o e f e o e

> i FIRIIIIR FIIFIFIF FIIIITI S TP \— CROM (tol.1077)  —— GROM (tol.107%)  —— LSPC (tol. 107%)  —— LSPG (tol. 1077




Extension to coupled channels & momentum spg

Giri, Kim, Drischler, Elstej et al., in prep.

/oo dk” k”2 ijff(k: k”)Tg”f’(k”: k’5 E)
0 E —E" + ¢

TS, (k,k'; E) = Vi, (k, k) + Y

EH

gives access to a wide range o

As before, the greedy algorithm exhibits a fast convergence pattern. modern chiral potentials

e o : : : Emulation oftotal cross sections
ﬂ Proof of principle:Bayesian calibration ulation o
| Of chiral NN potentials | ® GROM —— Exact] ® LSPG-ROM == Exact]

/ ﬂk (including emulator errors) 8000 FTTT T § 1'0'_5"_""',":'_:_"_" ~n HE § R R N
qﬁ;.,a ﬂ C81 q’; 2500 F . h = i i
& f [<5} -7 h <%} I -7
,e“i - 1 - C_|_1 Q; Q; Qv Q)l Q’ C7 e 10 7 o=t 10 ]
‘ 2000 g 3 o a
| &Y ﬁ ﬂ < < ]
< _ “ 107 2 00k i
g | - E (a) 2 ] (b) =
. ﬂ TIBOO - N R o I IR B
s h ' » g H 0 100 200 3009 [ 0 100 200 3001
‘00000 ol bl B
| - | W N — —— Best-fit (107%) = Best-fit (107) f| f —— Best-fit (107%) = Best-fit (107) |
‘? . / )JJJ\L[LL 500 F == == Sampled (10_4) = = Sampled (10°") | [ = = Sampled (10™") = = Sampled (107") 1,
0{. ﬂ : ] . i. = : : ->
@ ‘ \ ‘ ﬂ U T Ll L RN ) R T Ll L1 Cl
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‘@006’ \N00o e S e
73 FITIT Here: local NLO GT+ chiral potentials



N-d scattering emulator

Emulatethree-body scattering with greedy
snapshot selection

FOM:KVP for threebody scattering& v
hypersphericaharmonics method (linear
system) S0

Foa [n;pa, wa’} =Ry — <\Iﬂ’|ﬁ - E|';[l“'>
-5

g GROM, NVIIb, |||

Gnech ZhangDrischleyrjf, Grassi,
Kievsky, Marcucci, and Viviani, e
arxiv:2511.01844arXiv:2511.10420 § =

emalator, N,

ROM:G-ROM (G) or LSPROM (LS)

So far:N-d scatteringbelow the deuteror = [
break-up thresholdwith

w fixed N°LO NN potential (Norfolk) 5
w NLO3Ninteractions €p, )

_ —_— G,2 == G,12
E =2 MeV p-dscattering —— 18 3§ == L& 1%
B T m —_— 3 T G, 17
ny =19 = L& T eeee LE AT
1 T j T T
" - |
‘-l"_q'-—L___-:.."-_a__..ﬂ-E
0 -1
10" r 7
L _a_afl-2= Example: Jfyy
— —— -
-4 = 10 1k = '."?-"_—',._-:,_-_-i'.l.-a--f. =
& ’
_§ W
: TRl Rt P T i
Mean ol AR/ ]|
|| H ll:I-IIII 1 1 i i
. = - 0.5 1.0 1.5 2.0
CF E{tl.'ll'.""l-"}

Greedy algorithm: systematic reduction of emulator errors

Needed:extension to higher energiess critical forBayesian calibratiol
of chiral 3N interactions


https://arxiv.org/abs/2511.01844
https://arxiv.org/abs/2511.10420

Gnech Zhang,

Emulation errors at first and second order orischie, Grassi

Kievsky, Marcucci, and

é ', NVIb, Ry at the first order, emulation error Viviani,
(3, E=12.0 N =12 G, E=20M=7 GE=20M=12 G E=20M=17 arxiv:2511.01844
T T] T T T [T T T i arXiv:2511.10420
o 3 = _E :
5 23
=
-4 =
i L . k-
—f
i 1] 1 '
cy = o cE cE

I, NYIlb, 'Ry at the second order, emulation etror

1
3

G, E=20 M=2 G E=20NMN=T G, E=20, N =12 G, E=2.0, N, =17

. i B -25
—5.0
I I —75
—10.0

CE

CE CE cE

G-ROM results; similar from LSIR®M. Second order gives significant error reduction.

log ;o (|8 5] )



https://arxiv.org/abs/2511.01844
https://arxiv.org/abs/2511.10420

Gnech ZhangDrischlerrijf, Grassi,

S u m m ary p O | ntS Kievsky, Marcucci, and Viviani,
arXiv:2511.01844arXiv:2511.10420
S Iso: )
Wei;g,sgolak Skibinski é " NVIlb, R at the second order. emulation relative error p-d scattering
EPJAT, 241 Ry Hi—a Ha ez
j 1 1 1 T j j 1 i 1
1t 1t 1H Ny Type
"y A e e e —_— — T = 5
"_l{ _ EEEE G-, "
o 1 ] =s== Var
E II.- r'I
= — CE T iy
et -u L = I e e T P R |
i = = b e e S
= 1o 8k o b :—:J_-.-—lr-'e:-::'ﬂ"'-'ﬂ. . o
------ ::::;M _-I-r--';—ldl----—l-'—
ll:l-:ll i i i i _ i i i i i i i i
L) I 1.0 1.5 0 0.5 1.0 1.5 20 (L5 1.4} 1.5 20
B Mel) B[ MeY ) E [ MeV)

Systematic reduction of the emulator error with increasing
number of snapshots (as expected)

G-ROM and LSREOM behave similarly
R,1 is much larger than the other two components

Y% is less sensitive to 3N forces (= smaller residuals)

Opportunities/challenges:
w Emulation ofall NN+3N LEGad up to highere

w Computation ofscattering observablesrequires emulation
across partial waves (and energy)

w Implementation inBayesian parameter estimation
w Application to fourbody scattering?



https://arxiv.org/abs/2511.01844
https://arxiv.org/abs/2511.10420

Outline

ANon-affine models: optical potentials



Optical potential motivation

I . Detector
Reaction theory connects experiment
to quantities of interest. a ) n
Particl
S;alrfqe \ FRIB

e

(Optical Potentialg

U(r,0) = —V,[1+ er—)/e] 70

’ \

Thanks to Manuel CatacoRi
E’,A‘.;‘D **Effective interaction parameters. and Patlo Gulani o raphics



RBM emulators for noraffine scattering problems

NuclearROSHEn BAND Framework (free software!).
D A KNI ReducedOrder ScatteringEmulator can handle local,
complex,non-affine interactions.

Strategy.convert nonaffine to affineA hyperreduction methods  [Odell et al., PRC (2024)
Example:calibrating phenomenological optical potential with EIM

ROSE TeamDaniel Odell,

ScatteringA Galerkinprojection but potential ision-affine Pablo Giuliani Kyle Bever

in the parameters to fit@ = {V,,, R, ay,...}): Manuel CatacoraRios,
Moses Chan Edgard
B 1 Bonilla, rjf, Kyle Godbey
U(’I“, 9) = —Vy [1 + G(T R”)/a”] + ... Filomena Nunes

Problem:UR2 Say Qi T I O0 2rdaddA fynct®ns, LsiNiBtdgaiOhetveer t@st
and basis functions have to be calculated every tAnao offline-online speeeup!


https://inspirehep.net/literature/2738540
https://inspirehep.net/authors/1724909
https://inspirehep.net/authors/1907144
https://inspirehep.net/authors/2096269
https://inspirehep.net/authors/1073303
https://inspirehep.net/authors/1073303
https://inspirehep.net/authors/1073303
https://inspirehep.net/authors/2738541
https://inspirehep.net/authors/2695291
https://inspirehep.net/authors/2695291
https://inspirehep.net/authors/1009173
https://inspirehep.net/authors/1410735
https://inspirehep.net/authors/1027887

RBM emulators for noraffine scattering problems

NuclearROSHEn BAND Framework (free software!).
D A KNI ReducedOrder ScatteringEmulator can handle local,
complex, noraffine interactions.

Strategy:.convert nonaffine to affineA hyperreduction methods  [Odell et al., PRC (2024)
Example:calibrating phenomenological optical potential with EIM

Scatteringd Galerkinprojection but potential Principal components of U(r, 6)

IS non-affinein the parameters to fit: — fl(f,«)
_ fa(r)
U(r,0) = =V, [14 /@] ™ 4 — ()

= U(r,0) ~ sz‘(g)fi(”“)

|Empirica| Interpolation Method: one work-around 3 10 15 20



https://inspirehep.net/literature/2738540

RBM emulators for noraffine scattering problems
[Odell et al., PRC (2044)

N e foroom-moo---- N (Online stage ! input promeier & N
Oml]fle Stage nlnput training parameters Ollll]ﬁ]ﬂ Stﬂ.g[} | Input parameter E.t
| = |
f/- L Na ‘\' ‘L T A i _l l K
{a},b =+ Fa, [¢(s5)] =0 [a} .o Uls;ay,) EEIH = Ulsjia) --» h (UI lhl] cFIM
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RBM emulators for noraffine scattering problems

P AKNIN

n Analysis of Nuclea
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NuclearROSHEY BAND Framework (free software!).
ReducedOrder Scattering Emulator can handle local,
complex, noraffine interactions.
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P A KNI

Bayesian Analysis of Nuclear Dynamics
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RBM emulators for noraffine scattering problems
NuclearROSHEn BAND Framework (free software!).
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RBM emulator for coupled channels

Example: Inelastic scattering

4
2
4 0
2 g0 ¥
5 2
2 -4
4

Il
Ttot = g, (E)Y1(R) + a2¢2(&)Y2(R)

*Elasticcchannel

*Inelastic.channel

(H—E)¥tot =0

*Integrate out the  -dependence

(6il(H — E)¥*|¢;) = 0

Coupling term

Radial equations!

M. CatacoraRios
et al., in prep.

Y1 — 2
2 — 1
* Single channel operator
Spherical Potentials (Woo¢axon)
Vi =V(R;a) +iWs(R; a) + iW,(R; )
Deformed Potentials
_ A .

\

Coupling matrix Radial and ﬁ
elemelnts parameter S
(Angular dependence m
momentum)

FRIB


https://inspirehep.net/authors/1073303
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Coupled channel emulator: Fast & Accurate

Median Relative Error [%]

Median Relative Error [%]

10°3£,, =12 MeV !
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153, 5 @) 2 et al., in prep.
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Outline

AComplex energies: extracting and emulating continuum physics



Complex Femulator for continuum physics

Challenge: sampling over many parameters when continuum physics is involveo |
A9E (1 NO 20/ ALJKIZdAYNB S dzy Rba I 1SLf A1 S

Ol t Odzf IdZa@2 Y &D $Thpell methods) | (oP) k <+_|\> (Y )
A O-"OP) I (OP)) ['YP )w/ complexO

A | (OP))is spatially localized ‘040
AA A response function; scattering amplitude; opbtl. é
ARBAM complexDemulator extrapolates the training l
NBadzZ a8 dR26y 41 NRE G2 GKS S £l | EA&
A [O A spectrum Y0
B

AEmulation forP can be done simultaneously

A nontHermitian quantum mechanics approach for extracting and emulating continuum physics based oA bounc
state-like calculations (: technical detadsXilin Zhang2408.033092411.06714to appear in PRL and PRC)



https://arxiv.org/abs/2408.03309
https://arxiv.org/abs/2411.06712
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Complex Femulator for continuum physics
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Complex remulator for continuum physics
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Complex Femulator for continuum: scattering amplitudes

Particledimer scattering

| ImE!" = 3 MeY ImEY = 10 MeV

A Beyondresponse function extractions: . | e | ' ]

computescattering amplitudes! 4 g — ju iy
A And emulate irP! E — — T

. ] N A~ AR L — 141, [

A Figures<andB,T AESRT | AGN.Z 1
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Outline

AOverview: RBM emulators for challenges in nuclear physics
AMore effective RBMs and offline training: 2N and 3N scattering
ANon-affine models: optical potentials

AComplex energies: extracting and emulating continuum physics

ASummary and outlook



Summary of RBM emulator extensions

AGreedy algorithm / error estimates and multiple RBMs for 2N and 3N scattering
AEIM for nonaffine optical potentials (including coupled channels)

AJoint emulation in complex ener@yand parameters

Many opportunities
AExtend 3N emulators to full Bayesian calibration and UQ for chiral EFT
AEfficient Bayesian calibration for optical potentials (and beydnd)ext steps?

AMany continuum applications are waiting!

Alternative to RBM?

AParametric matrix models: impose matrix structure but learn from data



Thank you!

Jupyter and Quora books:

Learning from Data for Physicists (Forssen, rif, Phillips)
BUQEYE Guide to ProjectioiBased Emulators in Nuclear Physics
Reduced Basis Methods in Nuclear Physics

SeeDuguet et al., RMP (2024pr more on EC/RBM emulators



https://nucleartalent.github.io/LFD_for_Physicists/LearningFromData-content/Intro/About.html
https://github.com/buqeye/frontiers-emulator-review
https://github.com/buqeye/frontiers-emulator-review
https://github.com/buqeye/frontiers-emulator-review
https://kylegodbey.github.io/nuclear-rbm/introduction/introduction.html
https://inspirehep.net/literature/2715640
https://inspirehep.net/literature/2715640

Extra Slides



Hybrid approach: Parametrlc I\/Iatrlx Models ( PMMS)

~ RBM/EC: matrix elements 10.03 R. Somasundaram et al— GP -
HO—I—ZG n  of eigenvector snapshotsé 75t arXiv:2404.11566 (2024) RBM |

A model driven s 50 \\  PMM

PMM:learnmatrix elem. S

= My + Z 0.My,  from data (eigenvalues) %% 2 3
A hybrid data driven N train
: Application to emulate noisy AFDMC calculatio
P. Cook, D. Jammooa et al., arXiv:2401.11694 (2025) p|c()18 | | | Y | |
- _ e LS
= i : il EEEE ECOEN Training points
M6,0) = |gmm | T mumu|t0:m 0.6 —— GP
i 1 O {: O L i RBM
— PMM

- 3 O 0.4
M(Gl,ez):| [ :| = A0, 0,) [
" ] 0.2/

PMMs captureessentialtructures such as smooth
analytic behavior, symmetries, and conservation laws.

0.0—




p U.S. DEPARTMENT OF

EN ERGY Science

and machine learning

ofiice of PATAMELriC Matrix models bridge physics

NUELEI

Nuclear Computational Low-Energy Initiative

Objectives

w Researcherfiave introduced a new classof machinelearning
algorithmscalledparametricmatrix models(PMMs)

w Unlike traditional approacheshat mimic neurons or optimize
genericfunctions, PMMs are built from matrix equationsthat
resemblethe governingequationsof physicakystems

w By treating inputs as parameters for the matrix elements,
PMMs capture essential structures such as smooth analytic
behavior,symmetriesand conservationlaws

» PMMs are universal function approximators, able to solve
general machine learning tasks while retaining strong
interpretability.

1 EEN mEum (memEn
M©,0)| = |gmm |+ |m-me|+0:|m
| 5 o m o = o
M(el, 62) = 7»(91, 92)

Parametricmatrix modelsemulate physicalsystemsthrough matrix
equations, enabling accurate and interpretable predictions with
fewer parameterghan conventionalmachinelearningmethods

Impact

w Parametric matrix models represent a paradigm shift in
scientificmachinelearning

«» Byembeddingphysicaland mathematicalstructure directly into
their design,PMMs produce interpretable resultsthat adhere
to knownconstraints,unlikemanyd 6 f & DHReauralnetworks

w This makesthem especiallypowerful for scientific discovery,
whereextrapolation,efficiency,andinterpretability are critical

» PMMs can outperform state-of-the-art methods in scientific
computingand competestrongly on broadermachinelearning
tasks

Accomplishments

w0t I NJ WatiixNgh 2GR S Cdok dammooa,Hjorth-Jensen,
LeelLeeNat Communl16,5929(2025.

w https:// frib.msueduwnews-center/news/researcherslevelop
new-machinelearningmethod



https://www.nature.com/articles/s41467-025-61362-4
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RBM implementation freedom: examples from scattering

Codes Jupytemotebooks)
publicly available!
Wavefunction-based emulation for nucleomucleon scattering in momentum
space(General Kohn & Newton Variational Principle)

Garcia, CD, Furnstahl, Melendez, and Zhang, Phys. Re&%.@4001
2023 Highlight: extends snapshebased KVP tonomentum space & coupled channels

Toward emulating nuclear reactions using eigenvector continuation
(General Kohn Variational Principle)

CD,Quinonez Giuliani, Lovell, and Nunes, Phys. Le828,136777

2021 Highlight: Schwartz anomaly mitigation | proof of principlparameter estimation

Fast & accurate emulation of twdnody scattering observables without
wave functions(Newton Variational Principle)

Melendez, CD, Garciaurnstahl and Zhang, Phys. Lett8B1, 136608

2021 Highlight: VP without (trial) wave functions | imomentum space| coupled channels

Efficient emulators for scattering using eigenvector continuatitfohn
Variational Principle for thek-matrix)

Furnstah] GarciaMillican, and Zhang, Phys. Lett8B9, 135719

2020 . : . :
Highlight: introducessnapshotbased trial wave functionfor ROMs

See also: CD, Melendez, GarEmanstahl and Zhang, Front. Phyi€), 92931 | see also ROSE in Odedl., PRQ09 044612



RBM implementation freedom: examples from scattering
Quantum mechanical twbody scattering problem can be formulated in multiple ways:

{ OKNI RAYISNI Sljdz 6 A2y Ay O22NRAYI (S

Variational Principle Galerkin Projection Information

Name Functional for K Strong Form Trial Basis Test Basis Constrained?
Kohn Kg + (Y|H — E|¢)) H|y) = E|¢) 9;) (il Yes
(A
(XIH = E[X) + (0[VIX)
Kohn - [E—H][|x) =V¢) [X:) (xil No
(No)) 1 (0[H — Elp) + (x|VI]¢)
. (WIV]6) + (V)
Schwinger ~ )=o) + GV [¥)  [¥i) (i No
— |V = VGoVI[¢)
V 4+ VGoK + KGoV
Newton o N K=V +VGyK K; K; No
—KGoK + KGogVGoK

What is the best way to implement a-Body scattering emulator?
A E.g for Bayesian 9 CEC estimation or nuclear reactions.

A X. Zhangrjf, PRC (2022ave proof of principle (bosons) using KVP.

2NJ Y

SeeDrischler et al., (202P
for details and references

Every variational way
for scattering has a
Galerkincounterpart!

Nonvariational, also,
SOPIDPT G2 NA:
(r)(0) =0, (ry)'(0) =1


https://www.frontiersin.org/articles/10.3389/fphy.2022.1092931/full
https://journals.aps.org/prc/pdf/10.1103/PhysRevC.105.064004

lllustrative example: anharmonic oscillatorrry your own}
3

Eigenvalue problem: V(r;0) =Vuo(r) + Z 9Me=r/on" 4 affinel
n=1
i (r) V(0)
5 - -
N — _\/
—9 [ 1 ] @: ] ] ] @
’ \_/ i ﬁ/ 3 test—s
O - -
-5 [ 1 ] @ ] ] ] @'
T 6 random—s
O -
-5 [ 1 | 1 @ " ] 1 @
0 1 2 30 1 2 3

r [fm)] r [fm)]

Variational emulato” diagonalize the Hamiltonian  in afinite basis:


https://github.com/buqeye/frontiers-emulator-review

