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Overview of our research efforts

▸ Does nuclear-physics phenomena emerge 
in a “from few to many” ab initio 
approach based on effective field 
theories? 

▸ Is available few-body data sufficient to 
constrain this model? Does the model 
become fine-tuned?

Explore alternative strategies of 
informing the model about low-
energy many-body observables. ▸ Can/should emergent many-body 

phenomena be used to constrain  
the model? 

▸ How to quantify systematic 
uncertainties in such an approach?

Diversify and extend the statistical 
analysis of chiral-EFT based nuclear 
interactions in a data-driven approach. 

We aim to develop the technology 
and ability to:



▸ Inductive inference: Premises bear on truth/falsity of H, but don’t 
allow its definite determination  

▸ Statistical Inference: Quantify the strength of inductive inferences 
from data and other premises to hypotheses about the phenomena 
producing the data.  

▸ Quantify via probabilities, or averages calculated using probabilities. 
Frequentists and Bayesians use probabilities very different for this.

Inference

“the act of passing from one proposition, statement, or 
judgment considered as true to another whose truth is 
believed to follow from that of the former” (Webster)

Do premises A, B, . . . → hypothesis, H? 



BAYESIAN POSTERIORS IN THE 
NUCLEON-NUCLEON SECTOR



BAYESIAN PARAMETER ESTIMATION

Bayes’ theorem:

p (! !D, I) = p(D !!, I)p(! ! I)
p(D ! I)

‣ Bayes → consistent analysis 
of error in ab initio 
calculations  

‣ Prior input information: 
naturalness of LEC:s  

‣ Framework outputs (LEC) 
parameter posteriors with 
uncertainties consistently 
included:  

‣ Can also add EFT truncation 
error

See e.g. S. Wesoloski et al., arXiv 1808.08211

posterior likelihood prior

normalization



BAYESIAN PARAMETER ESTIMATION: DEUTERON CHANNEL

MCMC sampling of 
posterior pdf



BAYESIAN ERROR PROPAGATION: DEUTERON OBSERVABLES

107 MCMC samples
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N3LO: 1S0 with  
redundant LECs

S. Wesoloski et al., arXiv 1808.08211

REDUNDANT PARAMETERS



BAYESIAN APPROACHES IN 
THE MANY-BODY SECTOR



REACH OF AB INITIO CALCULATIONS

[credit H. Hergert]



REACH OF AB INITIO CALCULATIONS

H. Hergert - TRIUMF Colloquium, Mar 2, 2017

Progress in Ab Initio Calculations

[Hergert et al, Phys. Rept. 621, 165 (2016)]



STATUS OF CHIRAL-FORCE PREDICTIONS

Ab initio calculations with existing chiral 
interactions 
• overbind medium-mass and heavy nuclei, and
• underestimate charge radii.

Navratil et al (2007); 
Jurgenson et al (2011) 

Binder et al (2014) 

Epelbaum et al (2014) 

Epelbaum et al (2012) 

Maris et al (2014) 
Wloch et al (2005) 

Hagen et al (2014) 
Bacca et al (2014) 
Maris et al (2011) 

Soma et al (2014) 
Hergert et al (2014) 

Symbols (theo.)

A. Ekström et al, Phys. Rev. C 
91 (2015) 051301R



Uncertainty analysis of 
complex computer models

REFERENCES: 
Vernon, I, Goldstein, M, Rowe, J, Liu, J and 
Lindsey, K, ”Bayesian uncertainty analysis for 
complex systems biology models: emulation, 
global parameter searches and evaluation of 
gene functions.”, arXiv:1607.06358v1 [q-
bio.MN].  

Vernon, I.; Goldstein, M.; Bower, R. G.; “Galaxy 
Formation: Bayesian History Matching for the 
Observable Universe”. Statistical Science 29 
(2014), no. 1, 81–90. 



▸ In the words of Ian Vernon (statistician from Durham) we focus on the 
following general scenario: 

• We have a physical model : a model based on theory, 
implemented on a computer, that may take a long time to evaluate. 

• The model takes a vector of input parameters  and returns a vector 
 of outputs. 

• We want to compare the model outputs , or a subset of them, with 
observed data . 

• In our case:  is our ab initio model of nuclear few- and many-
body systems,  is the vector of interaction parameters (LECs), and  
is a vector of nuclear observables. 

▸ This scenario raises several major questions:
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General scenario



1. Are there any choices of input parameters  for which theory 
predictions are consistent with historical observations ? (or at 
least non-implausible) 

2. Can we find the region(s)  of all such input parameters?  

3. What design of future experiments will reduce this set  the 
most, and hence resolve uncertainty about the input parameters?  

4. And what can we predict for yet unmeasured observables using 
the non-implausible set .
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Fundamental scientific questions



To answer these questions we need to discuss:  

(i) How to link the model to reality (incorporating all major 
uncertainties).   

(ii) Emulation of the model (to combat speed of  problem)  

(iii)A global parameter search strategy known as iterative history 
matching, designed to remove all locations in input parameter 
space that fail to reproduce the data (according to an 
implausibility measure).  

- I.e. not just searching for a single best match; but instead 
finding non-implausible parameter regions. 

- Somewhat like a Bayesian posterior over  (but not quite...).
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General scenario



One-dimensional example



1-parameter example: np scattering (3P2)
▸ The “observations” are the 3P2 phase shift at 6 different energies. 
▸ Our theoretical model is the solution of the L-S equation for the np system.  
▸ We fix  and vary  (green lines).c1, c2, c3, c4 C3P2 % [&1.5, & 0.5]

Most choices for  are deemed implausible when confronted with data.C3P2



Implausibility measure

Non-implausible!

IP(x0) = min
x1,…%X

IM(x0, x1,…)

Implausible!

I2
M(x) = max

i%Z

! fi(x) & zi !
2

Vari(x)



Iterative history matching for the 

'-NNLO interaction model



▸ Here we consider the '-NNLO(394) interaction with 17 
parameters. See e.g. Ekström et al (1707.09028) 

▸ A benchmark parametrisation is the optimized '-
NNLOGO(394) interaction (W. Jiang et al; Gaute’s talk 
yesterday). 

▸ The outputs  are scattering and bound-state observables, 
and we use emulators based on eigenvector continuation 
(König et al. 2019) and subspace-projected coupled 
cluster (Ekström and Hagen, 2019). 

▸ E.g., the 16O binding energy and radius is obtained in ~ms.

zi

Physical model and data



▸ Start with huge ranges for the LECs.  

▸ Use space-filling lhs sampling. 

▸ ci: uncertainty defined by covariance matrix from Roy-
Steiner analysis (Siemens et al, 2017).

Wave 1: np scattering



Wave 1: np scattering

Implausibility plots and  
optical depth plots

Implausibility 
measure

Implausibility 
measure

Optical depth
Optical depth

c1M = 3



Waves 2 and 3: Few-body systems (A = 2-4)



Wave 4: Many-body systems (A = 2-24)



Bayesian posteriors via MCMC sampling

▸ Define a likelihood function. 

▸ Use non-implausible parameter 
sets as starting points for 
ensemble MCMC sampling. 

▸ Perform ~107 iterations and plot 
posterior predictive distribution 
for input observables.



Bayesian posteriors via MCMC sampling

▸ Posterior parameter distributions



▸ Further exploration of iterative history matching; 

▸ Additional emulators  
(nuclear matter, transition strengths, …); 

▸ Statistics interpretations: from the non-implausible region to Bayesian 
posteriors; 

▸ Predictive distributions for relevant low-energy nuclear observables:  

• Electroweak observables;  
• Oxygen dripline,  
• 208-Pb neutron skin,  
• Nuclear matter saturation properties. 

▸ Experimental design; 

▸ …

Outlook
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Appendix



▸ The implausibility measure is 

                          . 

where  is the collection of outputs that are being considered and  is 
the combined variances of observational, model, and emulator 
uncertainties. 

▸ Large values of  imply that we are highly unlikely to obtain acceptable 
matches between model output and observed data at input . We consider 
a particular input  as implausible if 
 
                                                     , 
 
where we may choose , appealing to Pukelheim’s three-sigma rule. 

▸ Small values of  do not necessarily imply that  is very good; just non-
implausible! 
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We represent the model as a function, which maps the vector of 17 inputs  (LECs) 
to the vector of outputs  (nuclear observables).  

▸ We relate the true data  to the observational data  by,  
                                            
where  represents the observational errors specified via  and .  

▸ We link the model  to the real system  (observables of the nuclear system) 
via:  
                                            
where  is the model discrepancy and we assume that it is independent of  . 
We specify  and  via order-by-order estimates and expert 
assessment. 

▸ Emulators of model output  are assumed to give an expectation  
and a variance  at point  with a relative error  
estimated via cross-validation.

x
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Linking the model to reality



Denoting the current non-implausible volume by  , at each stage (or wave) we:  

1. Design and perform a set of runs over the non-implausible input region   

2. Identify the set of informative outputs that we can emulate easily  

3. Evaluate the implausibility functions  only over  ; (the functions 
 can be emulators defined only over ) 

4. Define a new (reduced) non-implausible region , by  , which 
should satisfy  ⊂  

5. If needed, recalibrate your emulator for the new, non-implausible region  

6. Unless (i) computational resources are exhausted or (ii) all the input space is 
deemed implausible, either 

A. return to step 1 to include additional informative output, or  

B. generate a large number of acceptable runs from the final non-implausible 
volume  
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Iterative history matching strategy


