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• IAEA Neutron Data Standards projects

• Composable models

• Towards more building blocks

Outline



IAEA Neutron Data Standard Project



Neutron Data Standards

From https://nds.iaea.org/standards/

A. D. Carlson et al, “Evaluation of the Neutron Data Standards,” Nuclear Data Sheets 148 (2018)



Quantitative roots

https://nds.iaea.org/standards/Reports/extract-from-indc-usa-85.pdf



Quantitative roots

https://nds.iaea.org/standards/Reports/extract-from-indc-usa-85.pdf



Links between quantities
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Cooking a covariance matrix

detector

Background / noise

sample mass

“statistical” (counting) uncertainty

sample mass uncertainty

uncertainty about detector efficiency
uncertainty about neutron background
...



Selection of publications

Expert experimental covariance matrix construction

• D. Neudecker, A. Lewis et al, “Templates of expected measurement uncertainties,” 
EPJ-N 9 (2023)

• EPJ-N 9 Volume 9 (2023) dedicated to uncertainty templates (tot xs, capture, 
charged-particle prod xs, PFNS, inl xs, gamma prod xs, prompt & total nu-bar)

Examples of data-driven methods to infer unrecognized experimental 
uncertainties

• M.R. Mumpower, D. Neudecker et al, “The Los Alamos evaluation of Pu-239 
neutron-induced reactions in the fast energy range,” ArXiV:2302.03129

• G. Schnabel, “Fitting and analysis technique for inconsistent nuclear data”, Proc. of 
M&C2017

• F. H. Froehner, “Evaluation and analysis of nuclear resonance data,” JEFF Report 18 
(Section 2.6), OECD Publising, NEA (2000)



Estimation problem

~450 experimental datasets
~7200 data points in total

+
Information on uncertainties

and correlations
(covariance matrices)

Cross sections
on mesh

10 excitation functions (discretized)
17 thermal neutron constants

~1000 independent variables

Estimate



Generalized Least Squares Basics

ExperimentsCross sections
on mesh



S given by first-order Taylor expansion

https://nds.iaea.org/standards/Reports/extract-from-indc-usa-85.pdf



Generalized Least Squares formula

Evaluated covariance matrix

Evaluated cross sections on mesh



• Statistical special-purpose codes serve only a special purpose

• Different experiments have different response functions 

• Some evaluations are based purely on data and some non-parametric 

model, others on physics models

• Flexibility in using or not using emulators, approximations, expert 

knowledge, physics constraints and fine-grained data assumptions 

highly desirable

Overcoming limitations:
From program to probabilistic programming



Composable Models



Bayesian networks

… use Bayesian inference
… consist of nodes linked by mappings (functions)

Bayesian networks … 

… similar to how it is done for neural networks

Judea Pearl**

** source: Better Than Bacon – Judea Pearl at NIPS 2013

Thomas Bayes

Pierre-Simon Laplace



Basic building block

f may be non-linear

(e.g., model predictions) (e.g., convoluted model predictions)



Distribution assumption
Spline

Fourier expansion

Convolution

Gaussian process

Linear interpolation

Linearized nuclear model



Example Bayesian network



Autodiff frameworks

Take simple building blocks (e.g., pooling layers, convolutional 
layers, etc.) and define their connection structure using a 
comparatively simple language

JAX



Different estimation approaches TensorFlow 
Probability+

Maximum Likelihood / Maximum A-Posteriori: Find x to maximize log p(x|d))
ChiSquare minimization: Find x to minimize χ2

Generalized Least Squares: Iteratively apply GLS equation using Taylor expansion
Bayesian inference: Get sample from posterior distribution by MCMC (e.g. Hamiltonian Monte Carlo)



Example of different estimation results



Sparse GP construction
Pseudo-observations (y2nd)



Exploiting sparsity

Prior

Analytic update equations
(aka Generalized Least Squares (GLS))

sparse

SuiteSparse / CHOLMOD



Example of no-model Fe-56 evaluation

TOT

EL INL

avg_EL hires_EL avg_INL hires_INL

avg_TOT hires_TOT

exp_EL

exp_TOT

exp_INL



MAP estimates of cross sections

avg_EL avg_INL avg_TOT+ =



MAP estimates of cross sections

EL INL TOT+ =



Towards more building blocks



Towards enriched modeling possibilities

Fe-56(n,2n) cross section



Pertinent links between nodes

Exponential transform
(e.g., positive cross section, log-normal)

Truncation
(e.g., non-negative cross section)



Monotonicity constraint

Mapping to first derivative

Truncation

Pseudo-observation



Idea #1: (Quadratic) Penalty method

Decrease variance of pseudo-observation(s) δi

Solve with Levenberg-Marquardt algorithm

Adjust λ according to improvement 



Idea #2: Quadratic programming

toFind

Goldfarb and Idnani, “A numerically stable dual method for solving strictly convex quadratic programs,” 
Mathematical Programming 27 (1983)

B. Stellato, G. Banjac et al, “OSQP: an operator splitting solver for quadratic programs,” Mathematical 
Programming Computation 12 (2020) 



Testing Goldfarb & Idnani on Fe-56



Testing Goldfarb & Idnani on Fe-56
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Code repositories
• github.com/iaea-nds/gmap-fortran (Legacy GLS code for Neutron Data Standards project)

• github.com/iaea-nds/gmapy (Python/TensorFlow code for Neutron Data Standards project)

• github.com/iaea-nds/neutron-standards-evaluation (evaluation scenarios using gmapy)

• github.com/iaea-nds/nucdataBaynet (Bayesian network R package using Levenberg-Marquardt algo)

Articles
• G. Schnabel, R. Capote, A. Koning, D.A. Brown, “Nuclear Data Evaluation with Bayesian Networks,” 

ArXiV/2110.10322 (2021)

• W.P. Poenitz, “Data interpretation, objective evaluation procedures and mathematical techniques for the 

evaluation of energy-dependent ratio, shape and cross section data,” in Proc. Conf. on Nuclear Data Evaluation 

Methods and Procedures, Uptown New York, 22-25 Sep. 1980

• R. Kunitomo and G. Schnabel, “Exploring TensorFlow for Nuclear Data Evaluation,” IAEA-NDS-0245, report (2024)

Presentation based on the following resources
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