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Executive Summary 
Fe56 is an important component in most stainless steels for fusion devices and good knowledge of Fe56 is 
hence paramount to forecast radiation damage effects.  An exemplary evaluation of neutron-induced 
reactions of Fe56 in the fast energy region has been performed and an ENDF file created. Experimental 
data including statistical and systematic uncertainties were extracted from the EXFOR database. 
Maximum likelihood optimization has been used to automatically correct systematic uncertainties of 
experimental data. The prior knowledge about admissive variations from the reference specification of 
energy-dependent TALYS parameters has been modeled as Gaussian processes whose hyperparameters 
have been adjusted using maximum likelihood optimization. TALYS parameters, both energy dependent 
and independent, were then adjusted using the Levenberg-Marquardt (LM) algorithm. The diagonal of 
the inverse Hessian at the posterior mode has been used as parameter covariance matrix. A sample from 
the multivariate normal parameter posterior distribution was given as input to a modified version of 
TASMAN. The TASMAN code has then be used in combination with the TEFAL code to produce the final 
ENDF file including covariance matrices. The work in this task proves the feasibility of the evaluation 
approach. 

https://idm.euro-fusion.org/?uid=2M4P9J


 Final Report on Deliverable 

 MS Word – No PDF  Page 2 of 8 

 
Comments (shortcomings, deviations, etc.) 
Unbalanced data may lead to suboptimal fits. For instance, many more experimental data points for one 
reaction channel than for other channels may cause evaluations to produce suboptimal fits for channels 
with a low number of data points in order to get tiny improvements in the channel with a large number 
of data points. The procedure developed in this task to treat model defects requires that energy 
dependent-model parameters offer enough flexibility to adjust the model to the data. This seemed to be 
the case for neutron-induced reactions for Fe56 above the non-resolved energy range. However, in other 
cases the additional flexibility may not be enough and other complementary ways to address model 
defects have to be considered. The procedure introduced some kinks in the cross sections near the cut-
off energy for the experimental data. Some evaluated uncertainties seem to be rather low. 
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Abbreviations 

TENDL TALYS Evaluated Nuclear Data Library 
ENDF Evaluated Nuclear Data file 
TALYS Software for the simulation of nuclear reactions 
TASMAN Software for random sampling of TALYS calculations 
TEFAL Software for the creation of ENDF files based on TALYS results 
SAMMY R-matrix fitting code 
LM Levenberg-Marquardt algorithm 
L-BFGS Limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm 
GLLS Generalized Linear-Least-Squares 
GP Gaussian process 

1 Short Introduction and Objectives of Work 

Fe56 is an important component in most stainless steels for fusion devices and good knowledge of Fe56 

is hence paramount to forecast radiation damage effects. TENDL is today the most complete library 
and hence well suited for radiation damage calculations for fusion applications.  Model-based 
evaluations, such as those present in the TENDL library [1], bear the advantage of broad coverage in 
terms of isotopes, reaction channels, and energies. However, the dependence on the model is 
problematic as models are not always able to capture properly the underlying physics, which may lead 
to biased evaluations and misleading uncertainty estimates. Therefore, it is important to account for 
the imperfections of the model in some way in the evaluation procedure. In the recent past, it was 
shown how to account for model defects by adding Gaussian processes to the model predictions [2,3]. 
Due to some disadvantages of this approach, such as an immense amount of bookkeeping in order to 
not violate sum rules between cross sections, the work within this EuroFusion task focused on 
exploring another possibility to account for model defects. TALYS [4] contains a large number of 
adjustable model parameters to tweak predictions and some of these parameters can attain different 
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values for different incident energies, which make those latter parameters really functions. The idea 
followed in this EuroFusion task is to use the flexibility offered by energy-dependent parameters to 
effectively address model defects. To that end, these parameter functions were modeled as Gaussian 
processes, e.g., [5], and fitted together with the energy-independent parameters during the evaluation 
procedure. The objectives of this task were to (1) develop an evaluation method that takes into 
account potential model defects (2) and to produce an ENDF demonstration file for neutron-induced 
cross sections on Fe-56. Concerning objective (1), the ingredients of the developed method were 
published in detail in the publications [6,7]. Also, objective (2) was successfully achieved by the 
creation of an ENDF file with covariance matrices based on the developed approach. 

2 Description of Work 

The applied methodology can be subdivided into two aspects. The first aspect concerns the 
optimization of TALYS parameters. It has been shown in the past, e.g., [8,9,10], how the Generalized-
Linear-Least-Squares (GLLS) approach can be used to update model parameters. As the GLLS approach 
employs a linearization of the nuclear model which breaks down if the parameter adjustment is too 
large, an iterative scheme may be used, as for instance employed in the SAMMY code [10]. However, 
even this iterative procedure may not be optimal as in each iteration complete trust is put into the 
linearized model. This can lead to convergence issues, such as oscillations, as e.g. observed in [3, sec 
6.3]. One development for nuclear data evaluation in this task was therefore to use a better iterative 
fitting algorithm, which is the Levenberg-Marquardt algorithm [11,12]. The LM algorithm introduces a 
regularization term with an adjustable parameter lambda. The parameter lambda allows to control 
how much trust should be put in the linearized nuclear model. In the extreme case of lambda = 0, the 
linear approximation of the model is fully trusted and an iteration of the LM algorithm reduces to 
applying the GLLS formulas. In the other extreme case of a very large lambda parameter, the LM 
algorithm is roughly equivalent to the gradient descent method for optimization. The LM algorithm 
adaptively adjusts the lambda parameter based on achieved improvement from one iteration to 
another in order to achieve quick convergence, avoiding the problem of oscillations and being more 
efficient than gradient descent. The technical details on the implementation of the algorithm in the 
context of nuclear data evaluation were published in [6]. 

The second aspect of the developed evaluation approach concerns the specification of the prior 
covariance matrix for the model parameters. Like the GLLS method, also the LM algorithm must be fed 
with an appropriate experimental covariance matrix and a prior covariance matrix for the model 
parameters. A new innovation in this task was to allow the adjustment on a per-energy basis of 
parameters that can exhibit an energy dependence. The adjustment of energy-dependent parameters 
is technically not very different from the adjustment of a regular parameter. One may regard an 
energy-dependent parameter as a collection of parameters, e.g., if the parameter rvadjust in a TALYS 
input file is regarded as energy-dependent, it can be mentally split into several distinct parameters, 
such as rvadjut(1), rvadjust(2), etc. Even though the technical specification in TALYS has to be done 
slightly different, see the manual of TALYS 1.9, section 6.2.12, the mental model of having separate 
input keywords to specify the values of an energy-dependent parameter at different energies is 
accurate. Because energy-dependent parameters must exhibit smoothness, i.e., the adjustment of 
rvadjust(1.00) must be about the same for rvadjust(1.01), a special covariance matrix for those energy-
dependent parameters is required that correlates the values of parameters nearby in terms of energy. 
This was achieved by imposing Gaussian processes on energy-dependent parameters as prior 
knowledge. In practice, one works with a discrete energy-grid for each individual energy-dependent 
model parameter. Using the discretisation, the Gaussian process is used to generate an appropriate 
covariance matrix for the energy-dependent model parameters, which can then be used as an input to 
the LM algorithm (or alternatively in the GLLS approach). The technical details about the construction 
of the prior covariance matrix in the case of energy-dependent parameters were published in [6]. The 
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same paper also shows how the idea of energy-dependent model parameters can be combined with 
the LM algorithm. The hyperparameters of the Gaussian processes of the energy-dependent 
hyperparameters were optimized via marginal likelihood specification using the L-BFGS algorithm and 
the additional assumption that the prior uncertainty of energy-independent model parameters is 10%. 
The also necessary experimental covariance matrix for this step was constructed from the uncertainty 
information available in EXFOR and automatically adjusted using maximum likelihood optimization as 
discussed as a special case in [13] with some guidance by fixing some of the uncertainties of 
experimental datasets located in the peak regions of the cross sections. Details about which datasets 
have been fixed are given in the header of the ENDF file provided with this report. 

After the successful optimization via the LM algorithm, the optimized TALYS parameters correspond to 
the mode of the posterior distribution. In order to obtain a covariance matrix for the cross sections, the   
diagonal elements of the Hessian matrix have been computed at the posterior mode. The inverse of 
this diagonal approximation to the Hessian matrix was then used as an approximation to the true 
posterior covariance matrix for the model parameters.  Although the computation of the full Hessian 
matrix would have been in reach (increasing the number of necessary computations from hundreds of 
calculations to thousands), we felt that it may not always be possible and therefore introduced the 
diagonal approximation to the Hessian matrix. A sample of parameter sets was then drawn from the 
approximate multivariate normal posterior parameter distribution and corresponding model 
calculations performed. These calculation results were then fed to a modified version of the TASMAN 
[1] code to produce the required input files for TEFAL [1] to finally produce the ENDF file including 
covariance matrices in MF33. The final ENDF file has been checked with the CHECKR, FIZCON, and 
PSYCHE checking codes. Except for two errors thrown by CHECKR for MF2, the output of the checking 
codes seems to confirm the structural correctness and physically consistency of the produced ENDF 
file. As CHECKR throws the same error for the Fe56 evaluation in ENDFB.8.0, we assume that the 
thrown errors can be ignored. 

A visualization of the evaluated cross sections is shown in Fig. 1. Evaluated energy-dependent TALYS 
parameters are shown in Fig. 2. Kinks are observable in both plots around 2 MeV which are probably 
connected to the fact that only experimental data above 2 MeV have been included.  
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Figure 1: Comparison of evaluated cross sections with experimental data. 
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Figure 2: Evaluated energy-dependent TALYS parameters and their uncertainties. 
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3 Conclusion 

A novel evaluation approach has been developed and published in [6] showing its performance on a 
toy problem. Subsequently, we applied the approach successfully in an exemplary evaluation of Fe-56 
to prove its feasibility in a realistic evaluation scenario. We created a demonstration ENDF file including 
covariance matrices up to 30 MeV. The production of a file up to 200 MeV using the outlined approach 
seems to be in reach but has not been attempted here. It was more important to us to assert the 
proper implementation and to study the general features of the approach, which would have been 
more difficult due to the longer runtime of TALYS if the energy range had been extended to 200 MeV. 

It is indisputable that the greater flexibility introduced in the model by enabling the adjustment of 
energy-dependent parameters helps to adapt the model to the experimental data. However, 
sometimes the extended flexibility may still not be enough to bring the model into good agreement 
with the data. In that case, one may need to switch to other approaches to deal with model defects, 
such as described in [2,3,14,15], even though their correct implementation may be more complex due 
to the need to preserve physical constraints. The chisquare per degree of freedom of 6.66 of the 
evaluation points out that there are indeed model imperfections or problems with the experimental 
data that cannot be cured by making use of the additional flexibility given by energy-dependent 
parameters. The most likely reason for the high chisquare is the fact that experimental down to 2 MeV 
have been included, where resonances already start to emerge that cannot be described by TALYS 
independent of whether energy-dependent parameters have been adjusted or not. Also the kinks in 
the cross sections around 2 MeV and the rather small evaluated uncertainties in some energy regions 
are a sign that this approach should be complemented by other approaches to deal with model 
imperfections in the future. 

Even though our final exemplary does not seem to suffer from the problem, unbalanced experimental 
data in different channels may be an issue for the outlined approach (and probably all the other 
existing evaluation approaches): For instance, if the (n,tot) channel contains much more data points 
than the (n,inl) channel, the method tends to favour tiny improvements in performance for all large 
number of data points in (n,tot) over a significant improvement of a few data points in (n,inl). Future 
investigation should therefore be dedicated to the question of how very unequal number of data 
points in different channels should be balanced in order to avoid the observed effect. The development 
in [15] may be one possible route to deal with the issue. 
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