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Precision

It is natural to strive for accuracy in theoretical
modelling; but actual predictive power is
rather associated with precision.

“The concept of tension in science relies on

statements of uncertainties”

This presentation is about progress to
quantify precision in nuclear theory




Outline

Uncertainty Quantification for ab initio methods:

efforts and challenges

highlight Bayesian linear methods; importance resampling




Probability density

Recent UQ progress

Breakthroughs in
effective field theory
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UQ FOR AB INITIO METHODS




Some terminology

Data = 9,
Future data = &

Ultimate goal:
p(F |9, ...everything we know/assume)

Model checking / validation:

p(D 19D, ...)
p&@|2,...)
Experimental observations: 7 4+ 0z
where errors are random variables, e.g., Var[oz;] = aezxp,l.

Often assume Gaussian errors: p(oz|1) = 4(0,X)



Theoretical models

Theoretical modelling: y(a) + oy
with model parameters o

Theoretical errors can have different origin; The inclusion of
relevant errors is a prerequisite for precision theory:

5)’ — 5)’ th,sourcel T 5)’ th,source?2 T ...

Hard-to-compute models: y (o)

... might be emulated / designed at low fidelity
y —=Jy +0y

Note: there might be an a-dependence in the errors.



Learning from data via Bayes

» Apply Bayes’ theorem
Likelihood Prior

pIa,l) - pla|l)
p(Z|1)

Marginal likelihood

Posterior

pla|2,1) =

» The prior encodes our knowledge about parameter values before analyzing the data
» The likelihood is the probability of observing the data given a set of parameters
» The marginal likelihood (or model evidence) provides normalization of the posterior.

» The posterior is the inferred probability density for the parameters.

» Predictions for “future” data, modeled with y(a), are described by the
posterior predictive distribution (ppd)

{¥(@) :a~pa|D,1)}

» We will also introduce full ppd:s {y(a) +oy:a~ pa|<,1I), oy ~ p(5y)}



Ab initio modeling of nuclear systems using chiral EFT

H| 1//l> = E | l//z> yEFT promises a connection with QCD

Hla) =T+ Via) ¢—— Low-energy
constants =

parameters inferred from data. « Parameters

— parametric uncertainty

EFT expansion truncated
— model/truncation error

many-body solver relies on

approximations:
— many-body error Weinberg, van Kolck, Kaiser, Bernard,

Meil3ner, Epelbaum, Machleidt, Entem, ...

A. Ekstrom, et al. Phys. Rev C 97, 024332 (2018)
W. Jiang, et al. Phys Rev € 102, 054301 (2020)



Challenge #1: Getting to know your errors

EFT truncation errors

Approach: study order-by-order results and learn the PDF for expansion coefficients

k o)
Vi = yrefz CnQn' 5yk = Yref Z CnQn
n=0 n=k+1
(see Dick’s talk)

Challenges: Cutoff dependence, expansion parameter, irregular convergence,
correlation structure (e.g., are EFT errors for E(A), ro(A) correlated?),

T. Djarv et al PRC (2022)



Challenge #1: Getting to know your errors

W. Jiang et al (2212.13216)

Many-body errors

Approach: Convergence studies; Method comparisons;
Note: We can incorporate “uncertain” extrapolation, E[oyyg] # O

Challenges: Some approximations might be very difficult to relax; Non-
variational observables/approaches

Emulator errors

Approach: Cross-validation, EC offers rapid convergence with N,

Challenges: Outliers. EC convergence (Sarkar and Lee)



Challenge #2: A PDF is more than just a mean and a variance

A PDFs is not uniquely defined by its mean and variance! Consider also
covariances (dependencies) and functional forms.

Marginalization over nuisance parameters (such as the EFT breakdown
scale) tends to introduce heavier tails.

Still, Bayesian linear methods (only means and variances) can be very
useful

Easier to claim non-implausibility than
to quantify likelihood

Oni(@) versus p(D|a,l) = L(a) >0

Define implausibility measure 150
(using only means and variances) 18

Idea of History Matching:
lteratively remove regions with Oy (a) =0



Challenge #3: Sampling without tears

MCMC sampling is costly;

might appear unsurmountable when involving costly models

Random walks suffer from correlated samples = wasted CPU-h

If possible, try Hamiltonian Monte Carlo (see Andreas’ talk)
Bayesian updating: p(a | <, 9,,1) % Np(D, |a, Dp(a| D, 1)

Importance resampling
[Jiang and Forssén (2210.02507), Rubin (1988), Smith and Gelfand (1971)]
(&) ~ (@) W.CIER) (a¥) ~ pl@| D, 1)
l n(a;)




EMERGENCE OF NUCLEAR SATURATION




Emergence of nuclear saturation within A — yEFT

» yEFT with explicit A isobar.

» Extensive error model
(EFT truncation, method convergence, finite-size errors).

» Iterative history-matching for global parameter search. Study ab initio
model performance, and provide a large (>10¢) number of non-
implausible samples.

» Implausibility criterion involves only A < 4 observables.
» Bayesian posterior predictive distributions for nuclear matter
properties.
» Importance resampling with two different data sets:

@A:2,3,4 and 9,4:2,3,4,16

» Relies on sub-space projected coupled cluster (SP-CCD) emulators for
infinite nuclear matter systems at different densities.



History-matching: iterative parameter volume reduction

History matching:
l. Vernon, et al. (Bayesian Anal.,

2010)

l. Vernon, et al. (BMC Systems
Biology, 2018)

B. Hu et al. (Nature Phys., 2022)

‘ 2

, ‘ E [j?l(a)] — &
I/ =
MO = Var i@~

L(ax) > ¢y,



Infinite nuclear matter: computational approach

Discrete momentum basis states » Periodic boundary conditions

k
Y(x) o e™ w(x + L) = y(x)
Cubic lattice in momentum space,

(ko k, k)

2
kn:%n,withnzo,i1,i2,...inmaX "v

max \ )
Y

Results should converge with
Increasing n

[
» The box size (L) and the nucleon
number (N) controls the density (p)

= 4):
» PNM: 1458 orbits with 66 neutrons
» SNM: 2916 orbits with 132 nucleons

» Computational challenge (n, .,




SPCC nuclear-matter emulators (1-dim example)

E/A [MeV]

5

I
&)

N
o

SNM (A = 132), p = 0.16 fm~3 SNM (A = 132), p = 0.16 fm~3

O SPCC(5) O O SPCC(5) O
¢ CCD result o e SPCC(4), wio #0 O
o) o SPCC(4), wo #1 o
o o SPCC(4), wlo #2 o &
o SPCC(4), wlo #3 o &
5 e SPCC(4), wio #4 S ° &
5 ¢ CCDresult h &°
‘ ‘ ‘ O &° * * * a©e
08‘30000 ..D..D..D..n:gw-'g'oOOo
o 5 © 0
o age
O ¢
2.0 2.5 3.0 3.5 4.0 2.0 2.5 3.0 3.5 4.0
Ciso [104 GeV‘4] Ciso [104 GeV‘4]
Nsub

| P(ag)) = e™ @) |Dg) ~ ) ¢ |P))
=1




small-batch voting
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Correlation study
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Bayesian machine-learning error model(s)

L = 5} (a) T 5)’ EFT T 5)’ method 5y em 5)’ exXp

e(p) | ¢ 1, ~ GPlup),czR(p,p’; 1],

See C. Drischler et al (2020)
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203PB NEUTRON SKIN




Trend of realistic ab initio computations

208Pb
2021

(005dOLy) 60|
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B. Hu et al (Nature Phys. 2022)

See Takayuki’s talk



Ab initio modeling of nuclel and nuclear matter with A — yEFT

» yEFT with explicit A isobar (higher breakdown scale)

» Extensive error model (EFT truncation, method
convergence, finite-size errors).

» Iterative history-matching for global parameter
search. Study ab initio model performance, and
provide a finite number of non-implausible samples.

» Bayesian posterior predictive distributions for nuclear
observables up to 208Pb and for infinite nuclear matter
properties.



Trend of realistic ab initio computations

We start from a ANNLO(394) chiral Hamiltonian. Order by order results provide estimates of
the model errors. Pion-nucleon couplings are from a Roy-Steiner analysis.
M. Hoferichter et al, Phys. Rev. Lett. 115, 192301 (2015)

W. Jiang, et al. Phys Rev C 102, 054301 (2020)

Approximately solve the Schrédinger equation in HF basis using Coupled-Cluster, IMSRG, and
MBPT methods. Comparisons and domain knowledge provide estimates of the method errors.

H. Hergert, et al. Phys Rep. 621 165 (2016)
G. Hagen, et al. Rep. Prog. Phys. 77, 096302 (2014)

3NFs are captured using the NO2B approx. Large emax & E3max spaces (14 & 28 in lead-208)
yield near model-space convergence. For lead-208: IR extrapolation adds only ~2% to the skin

thickness and ~6% to the energy. T. Miyagai, et al. Phys. Rev. C 105, 014302 (2022)

See Takayuki's talk

EC-emulators for observables with A < 16 . Validated and trusted to within 0.5%

A. Ekstrom and G. Hagen Phys. Rev. Lett. 123, 252501 (2019)
S. Konig, et al. Phys. Lett. B 810, 135814 (2020)

Nuclear matter computed using CCD(T) with estimates of the method error from systematics.
Conflated with estimates for the model error using a multitask Gaussian Process.

C. Drischler, et. al. Phys. Rev. Lett. 125, 202702 (2020)



Ab initio predictions link the skin of lead-208 to nuclear forces
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History Matching

We explore 109
different interaction
parameterizations

Confronted with A=2-16
data + NN scattering

v Find 34 non-implausible

v

Validation

Inspect ab initio model
and error estimates

information

interactions

Calibration

Importance resampling

B. Hu et al (Nature Phys. 2022)

Prediction: small skin thickness 0.14-0.20 fm
in mild (1.5 sigma) tension with PREX.



Neutron skin thickness

Constraints on Nuclear Symmetry Energy Parameters

J. Lattimer (2023)
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Why does ab initio predict thin skins?

» Tune C1S0 while adjusting cE to maintain saturation

» Study the effect on various observables. Note L & 6, ¢,(50)



Electric and weak form factors

CREX

B. Hu et al (Nature Phys. 2022)



Summary and outlook

» “The concept of tension relies on statements of uncertainties”

» It is natural to strive for accuracy in theoretical modelling; but actual
predictive power is more associated with quantified precision.

» Opportunity: Bayesian statistical methods in combination with fast &
accurate emulators is enabling precision nuclear theory.

» We have developed a unified ab initio framework to link the physics
of nucleon-nucleon scattering, few-nucleon systems, medium- and
heavy-mass nuclei up to lead-208, and the nuclear-matter equation of
state near saturation density.

» Challenge: Get to know your uncertainties; sampling.



