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Abstract

The manuscript provides a description of the application of machine-learning (ML) tools to the
prediction of bias in criticality safety analysis. In particular, a set of over 1000 experiments included in
the Whisper package were fed into a variety of ML algorithms (notably Random Forest and AdaBoost)
implemented in SciKit-Learn using k-eigenvalue sensitivities (with and without energy dependence) for
individual nuclides, and optionally, the simulated k. ¢ ¢ as the training features. Ultimately, the ML
model was used to predict the bias (kg;m - kesp). The results indicate that use of energy-integrated
sensitivity profiles with kg, as training features led to the best predictions as quantified by root-mean
square and mean absolute errors. In particular, the best-case estimates came from AdaBoost, with a
mean absolute error of 0.00174, which is less than the mean experimental uncertainty of 0.00328 for
the experiments included.

1. Introduction

For real-world applications involving criticality safety, having a neutron multiplication factor £ < 1 is not
enough to ensure safety. Each application requires a validation study that incorporates uncertainty in both
the nuclear data and the model to set an upper subcritical limit (USL), which represents an acceptable value
for kg, to ensure safety. The bias (simulated - experimental k. ¢) in the calculation is the most important
quantity used for code validation. The objective of this project is to accurately predict the bias of
*MCNP6® [1] criticality calculations using machine learning (ML) algorithms, with the intention of
creating a tool that can complement current nuclear criticality safety methods. A secondary objective of
this study is to identify isotopes and reactions of interest that could be significantly influencing bias. In the
latest release of MCNP6, version 6.2 [2], the Whisper tool version 1.1 [3] is available for criticality safety
analysis and includes a large catalog of experimental benchmarks, sensitivity profiles, and nuclear data
covariance matrices. The data originates from 1,100+ benchmark cases in Whisper, and is used in this
study for predicting criticality simulation bias. The remainder of this paper includes background
information in Section 2, methodology in Section 3, the results are detailed in Section 4, followed by a
brief conclusion, and future work.

2. Background
2.1 Whisper Tool

Historically it was labor intensive, time consuming, and difficult to quantitatively defend an entire
criticality safety validation study, and it was only done when an application was very different from

*MCNP® and Monte Carlo N-Particle® are registered trademarks owned by Los Alamos National Security, LLC, manager
and operator of Los Alamos National Laboratory. Any third party use of such registered marks should be properly attributed to
Los Alamos National Security, LLC, including the use of the designation as appropriate. For the purposes of visual clarity, the
registered trademark symbol is assumed for all references to MCNP within the remainder of this paper.
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previous validation efforts [3]. Whisper was developed at Los Alamos National Laboratory (LANL) to
automate, speed up, and quantify in a defensible and reproducible way a significant portion of a validation
study [4]. Historically, sensitivity and uncertainty methods are used to identify the area of applicability for
a particular benchmark [5,6]. Recent incorporation of continuous-energy Monte Carlo adjoint-weighted
sensitivity methods in production level codes like MCNP6 has made it easy to calculate sensitivity
coefficients of the k-eigenvalue to nuclear data quantities of interest for many applications [7]. In general,
the sensitivity coefficient is defined as:

Ak/k
Sk = Az/z

where k is the neutron multiplication factor, and x is some parameter that is perturbed (cross section,
material density, etc.). The sensitivity coefficient has the property of being additive, meaning the sum of
the sensitivities over energy groups for a particular reaction is the total sensitivity to that reaction. The
sensitivity profile for a particular benchmark incorporates a lot of information about the neutronics of the
system. An example of a sensitivity profile can be seen in Figure 1.
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Figure 1: Example sensitivity profile of 23U obtained from LANL Whisper presentation [8]. The effects
of perturbing the total cross section at various energies is visible as increased parasitic absorption in the
intermediate energy range and increased fast fission at high energy.

From the sensitivity profile it can be seen that the k. is sensitive to perturbations in the intermediate
energy range, which physically makes sense, as that is where resonance absorption occurs. Additionally
there is a peak in the fast energy ranges, which comes from increased fast fission. Essentially the sensitivity
profiles detail what materials and reactions are important to the neutron multiplication of a given
benchmark, and can be thought of as a fingerprint of the problem. Thus, Whisper uses the sensitivities
along with nuclear data covariances to calculate similarity measures between applications and benchmarks
[9]. The benchmarks with the highest similarity to the applications are then used to build an extreme value
distribution for the bias, and the expectation is taken to obtain a conservative estimate of bias [4]. While
having a conservative estimate for the bias is extremely important, knowing the expected bias provides
another piece of information for the criticality safety analyst. This study aims to create a ML tool to
complement Whisper, and to identify isotopes of interest when trying to reduce the bias of MCNP6
criticallity calculations.
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2.2 Machine Learning

Machine learning methods allow computers to learn a specific task without explicitly being programed to
do so by learning patterns present in data. A type of ML called supervised learning feeds the solutions,
called labels, to the algorithm with the training data. A common supervised learning task is regression,
which tries to predict a numeric value (example: home value) based on a given set of features (example:
number of bedrooms, year of construction, square footage, etc.). During the training process, different
parameters within the model are slowly optimized to reduce a cost function (mean squared error for
regression) at the model output. Typically a ML algorithm performs best when there is a large quantity of
data available from which to learn. If the training sample is too small, the data is non-representative of the
whole picture, and the algorithm under-performs. This can also occur with a large dataset, if the data is not
sampled properly (sampling bias) [10].

Typically the data fed to a ML algorithm is split into test and training subsets. The standard practice is to
train on approximately 80% of the data, and then to evaluate the model on the remaining 20% of the data.
The error rate on the testing subset is called the generalization error, which is the error rate to expect from
the model on instances it has never encountered before. The best way to evaluate the performance of a
model is to use a technique called cross validation [11]. This method works by subdividing the training set
into a certain number of subsets (called folds), and the model is evaluated on one fold and trained on the
remaining folds. This process is repeated for every possible combination until every fold has been
evaluated, with the other folds acting as training data. The measures of fit from each round are averaged to
calculate a more representative value of model generalization error.

2.3 Decision Trees

Decision Trees are powerful ML algorithms that are used for regression and classification. Scikit-Learn
[12], an open source ML module in Python, uses the Classification and Regression Tree (CART) algorithm
to “grow” decision trees [13]. The algorithm first takes the training data, and tries to split it into two
subsets using a feature &k and a threshold ¢. This is a numerical procedure where many threshold points are
tested based on a feature in order to minimize a cost function, which for regression is either the mean
squared error or the mean absolute error.

Once the dataset is split into two, each subset undergoes the same operation, until further splitting does not
reduce the cost function. This eventually leads to a decision tree that has many branches (node splits) and
leaves (node ends). The model works by starting at the top of the tree, and undergoing logical operators at
each branch node until arriving at a leaf node which has an associated value with it. Decision trees are used
in this study because of their simplicity and quick training.

A very useful feature of decision trees is that they can calculate the relative importance of each feature on
predicting the estimated value. The most important features are more likely to appear near the start of the
tree, while the less important features will appear further down in the tree. Scikit-Learn automatically
estimates the feature importance by computing the average depth of each feature across all of the trees [12].
The feature importances show which pieces of data are important to the ML model in predicting the
quantity of interest.
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2.4 Random Forest

The Random Forest regressor is an ensemble method that trains each decision tree on a random subset of
the dataset, with the intention of reducing over-fitting to the training set [14]. The individual trees also
differ because they search through a random subset of features to find the best split. Building the trees in
such a manner introduces extra randomness into the ensemble, and results in increased tree diversity
citebreiman2001random. Restricting the problem space for each individual tree makes them specialists on
a small subset of the dataset. When all of the individual tree predictions are averaged, a stronger model
results because of the “wisdom of the crowds” effect. This method of grouping many predictors to make a
single estimate is called ensemble learning [15]. The random forest algorithm trades a higher bias for a
reduced variance, which reduces over-fitting to the training dataset and most often results in a better overall
model.

2.5 Adaptive Boosting Ensemble

The Adaptive Boosting (AdaBoost) ensemble method goes through multiple iterations of training, where
the next iteration tries to correct the predecessor [16]. The method works by first training a decision tree
with all of the training instances having uniform weights on a subset of the training samples. The mean
squared error is calculated for the model, and a predictor weight is extracted [17]. Using the predictor
weight the instance weights are adjusted and the instances with higher error are boosted. The next iteration
is trained on the data with the updated instance weights, the new predictor weight is calculated, the feature
weights are updated, another predictor is trained, and so on. This algorithm forces the model to
increasingly pay more attention to the cases that it gets wrong. The process is repeated until the desired
number of iterations is reached or the error converges. To make the predictions on new instances the
algorithm calculates the predictions of every predictor, weighs them using their predictor weights, and
calculates the mean. This method produces results that are more accurate than the standard decision tree
model, by increasingly focusing on the cases that it gets wrong.

3 Methods
3.1 Features and Target

The main objective of this study is to predict the bias (ki — kerp) of MCNPO criticality calculations
using the Random Forest and AdaBoost ensemble methods. The ML algorithms were implemented in
Python using the Scikit-Learn toolbox. The sensitivity vectors generated by MCNP6, which describe how
the neutron multiplication factor (k) is impacted by the nuclear data of a given application, are chosen as
the features for learning. In making this choice, we make the assumption that they inherently carry enough
information to characterize a system, and consequently can be used to find patterns that influence bias. This
assumption is valid as sensitivities have been historically used to find neutronically similar benchmarks in
validation studies [5]. Each benchmark sensitivity profile contains data for 172 isotopes with each isotope
having 12 reactions, and each reaction is broken into 44 energy bins. Note that each benchmark contains
only a subset of the total 172 isotopes, resulting in nonzero sensitivity profiles for only the isotopes present
in that benchmark. Since the features are broken into 44 energy groups, the relative importance of each
isotope-reaction pair can be analyzed at the energy level. This provides insight into what cross sections are
important to the ML model when predicting bias at the thermal, intermediate, and fast energies.
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The models were also evaluated on a modified set of sensitivity vectors, where the sensitivity values for
each isotope-reaction pair are summed over energy. This removes the energy dependence, making it so that
the models are trained on the benchmark’s sensitivity to each isotope-reaction pair. Using these
energy-integrated sensitivity vectors significantly reduces training time and speeds up optimization. In
order to generate the sensitivity profiles, a MCNP6 calculation must be performed, which also generates
ksim, another piece of information that can be used as a feature to improve the accuracy of the model.

Ten-fold cross validation was used to evaluate the mean average error (MAE) and the root mean squared
error (RMSE) of each algorithm. Each model has a set of hyper-parameters that act as tuning knobs, which
affect how closely the model fits to the training instances (regularization) [18]. Some of these
hyper-parameters are the maximum features each tree learns on, the total number of trees, and the
maximum size of a tree. To find an optimal set of hyper-parameters for the models, a grid search was
performed in which the cross validation scores were computed for different combinations of parameter
values specified by a grid.

3.2 Removing Outliers

The cases on which the models make the greatest errors are effectively outliers, since there are not enough
similar cases to make accurate predictions. To better learn on those difficult cases more training data is
needed. The presence of these outliers can skew the model during training, so that the validation error
increases, since the models tend to focus on the more numerous classes to minimize the overall cost [19].
As a result, the top 50 cases with the greatest error initially are removed from training and testing in this
study (approximately 5% of the data), which leaves 1,051 cases for training and testing. There is nothing
qualitatively wrong with the removed benchmarks, other than being dissimilar to the majority of the cases.
Of the 50 cases that were excluded here, 34 are also excluded (treated as outliers) from the Whisper library
by using an iterative Chi-squared rejection method prior to validation.

4 Results
4.1 Sensitivity Vectors

The first thing to verify was the assumption that the ks sensitivities are good features for ML. To verify
that assumption the models were only trained on the sensitivities without ks;,,, and the results can be seen
in Table I.

Model RMSE MAE

R. Forest I)  0.00499 0.00350
AdaBoost (I)  0.00498 0.00352
R. Forest (D) 0.00572 0.00397
Adaboost (D) 0.00537 0.00374

Table I: Error statistics for both models on the energy independent (I) and dependent (D) datasets. Obtained
from 10 fold cross validation.

Table I demonstrates that the models are learning to predict the bias accurately using the sensitivities as

features, which demonstrates their utility as features [20]. The mean experimental uncertainty in the
benchmark measurements of k used in this study is 0.00328, and the models are approaching that value on
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average. Both models perform better on the energy integrated dataset, which is most likely a result of not
enough training instances to learn on the full dataset, as it is very high dimensional (approximately 90,000
features per benchmark).

To evaluate the models, a plot of the errors on each benchmark, and the distribution of the error is plotted in
Figure 2 for the AdaBoost model trained on the summed dataset.
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Figure 2: Errors of the AdaBoost model on each benchmark (left), and the distribution of the error (right),
when trained and tested using the energy independent data. Each color represents a material classification
for the benchmark in the Whisper library.

The plot of the error distribution demonstrates that the model is learning the dataset, because the error
forms a distribution around zero. Methods to estimate the confidence intervals and variance of decision tree
predictions exist in literature, but were not implemented in this study [21,22]. The model performs well on
the benchmark classes that are numerous, and experiences significant error for some of the rare cases (seen
on the right hand side of the left plot). These results show that the sensitivities of k;,, perform well as
features for ML. In general, these results imply that sensitivities of global quantities calculated with respect
to the inputs of a particular model have the potential to be good features for ML. Performing ML on
physics models using this methodology could provide insights about the problem space that would be
difficult to obtain otherwise.

4.2 Sensitivity Vectors and kg,

Now that the sensitivities have been shown to be good features for ML, more information can be included
during training, like the calculated value of ks;,,, for each benchmark. The models were trained on the
sensitivities along with kg;,,, and the results are summarized in Table II.

Model RMSE MAE

Random (I) 0.00376 0.00241
AdaBoost (I)  0.00292 0.00174
Random (D)  0.00537 0.00360
Adaboost (D) 0.00522 0.00352

Table II: Error statistics for both models on the energy independent (I) and dependent (D) datasets when
using kg, as a feature. Obtained from 10 fold cross validation.
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The performance of these models reinforces that the sensitivity profiles carry enough information to
characterize a system, which is then used by the models to find patterns to predict the bias accurately. The
models training and testing on the energy dependent dataset performed worse, which could mean the
decision tree forests lack the complexity needed to sufficiently learn on the full dataset. A plot of the errors
on each benchmark, and the errors on each benchmark type are included in Figure 3 for the AdaBoost

model trained on the energy independent dataset and kg;pn,.

MSE Among Benchmark Types
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Figure 3: Errors of the AdaBoost model on each benchmark (left), and the errors on each benchmark type
(right), when trained and tested using the energy independent data and k;,,,. Each color represents a material

classification for the benchmark in the Whisper library.

The error decreases significantly after including k;,,,, which is observed in the tighter distribution of the
error around zero. The box plot (right side of Fig. 3) shows that the models perform well on most of the
benchmarks, but a few benchmarks generate high relative error. Both of the models make similar errors on
both of the datasets, which means that either the models are not complex enough to learn the features or
there are not enough benchmarks of that type. It is most likely a combination of the two, since the feature
space is quite large, and there are only a few training examples for those rare benchmark classes. Overall
the models perform accurately in predicting the bias, and the sensitivities perform well as features for ML.
These results show that the bias can be accurately estimated when using the sensitivities and kg;,, as the

features for ML.

4.3 Comparison to Whisper

Whisper calculates bias using extreme value theory in order to provide a conservative estimate for
criticality calculations. Additionally Whisper also uses the generalized linear least squares method
(GLLSM) to calculate a minimum margin of sub-criticality due to nuclear data uncertainties [9].
Specifically the GLLSM method is used to obtain an adjusted nuclear data covariance library, which can
then be used to modify the cross-sections in order to increase the agreement between calculated and
experimental k. ;s measurements. This produces a modified value for kg, that is closer to the
experimental one, and has a reduced uncertainty. A comparison of the error statistics between Whisper,

GLLSM, and the ML models can be found in Table III.

The error statistics for Whisper are relatively large, as expected since Whisper uses extreme value theory to
provide a conservative estimate of bias, which tries to be larger than the actual bias. The comparison
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Model RMSE MAE
Whisper 0.01329  0.00906
GLLSM 0.00959 0.00645

R. Forest 1)  0.00499 0.00350
AdaBoost (I)  0.00498  0.00352
R. Forest (D)  0.00572  0.00397
Adaboost (D)  0.00537  0.00374

Table III: Error statistics for the ML models trained only on the sensitivities from 10 fold cross validation,
GLLSM, and Whisper.

against Whisper and the GLLSM method is not direct because the ML models are not bounded by the
uncertainty of the cross section data. Nonetheless, if one wishes to know the bias accurately the ML
algorithms are shown to be the superior method when compared against Whisper and the GLLSM.

4.4 Feature Importances

Relative feature importances can be calculated by taking the average depth of every feature across the trees
in an ensemble. This value represents the relative importance of that feature in predicting the desired
output. In the context of this study, the relative importance represents how influential an isotope-reaction
sensitivity is on the bias prediction. Feature ranking with recursive feature elimination and cross-validated
selection (RFECV) was used to find the best features in the dataset to use in the study [12]. This method
works by first fitting a model to all of the features, and the two least important features to predicting the
bias are dropped. This continues as an iterative process using cross validation at each step to evaluate
model performance until the model error converges. This approach was used with the summed sensitivity
vectors and the Random Forest regressor.

Of the 2,066 unique isotope reaction pairs, 584 are dropped, and the modified dataset is fed through the
models again. This removes both redundancy and noise from the data set, as the model is only trained on
the features that are important to predicting the bias. The top ten important isotope-reaction pairs to the
Random Forest regressor on this dataset are included in Table IV. These are the isotopes and reactions that
the model considers first, when trying to predict the bias.

Isotope, Reaction  Importance

230, n-gamma  0.04681
23217 total nu 0.04510
23217 | fission 0.03933
24, n-gamma 0.03528
Carbon, n-gamma 0.03235
23417 fission 0.03165
23477 total nu 0.03093
232[J n-gamma 0.02773
Carbon, n-alpha 0.02552
Carbon, inelastic ~ 0.02441

Table IV: Top ten relative importances of each isotope reaction to the Random Forest regressor after per-
forming RFECV. There are only four nuclides present in this list: natural carbon, 232U, 23307, 2341
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Because the sensitivities are a function of energy (44 groups), the importance of each isotope-reaction pair
can be analyzed over energy group ranges, which provides insight into which reactions and neutron
energies are important to predicting the bias. Many cross sections have high relative uncertainty, and it is
difficult to decide which experiments (evaluating nuclear data) to run in order to reduce MCNP®6 bias
effectively. The energy discretized importance combined with cross section uncertainties could inform
which cross sections or secondary distributions should be improved to most efficiently reduce the bias in
MCNP6. The top five most important reactions in each of three energy group ranges can be found in Table
V.

Thermal (0 - 0.625 ev) Intermediate (1.0 ev - 0.1 Mev) Fast (0.4 Mev - 20 Mev)
Carbon, n-gamma, 0.014562 233U, n-gamma, 0.018457 23317, fission, 0.015264
233U, total nu, 0.011437 23U, fission, 0.015724 233U, inelastic, 0.013543
23307, n-gamma, 0.010641 2330, total nu, 0.012844 2330, n-gamma, 0.012739
23417 n-gamma, 0.009479 234U, n-gamma, 0.011945 2331, total nu, 0.012644
LH, n-gamma, 0.009069 239 Py, n-gamma, 0.011687 9P, inelastic, 0.010355

Table V: Top five relative importances of each isotope-reaction by energy group to the Random Forest
regressor in calculating bias. These importances make physical sense: capture at low energies, capture and
fission for actinides at intermediate energies, inelastic scattering and fission at high energies.

These results are physically explainable, as they are common reactions and isotopes expected in nuclear
materials. One isotope that is not typically expected to be of high importance is U-234, since it generally
only appears in trace amounts. However, the 234U n-gamma reaction is the fourth most important
isotope-reaction pair, as seen in Table IV. Interestingly, the nuclear cross section for the 234U/ n-gamma
reaction has a high relative uncertainty over the same energy range in which it is important to the ML
model. This suggests that some of the high importance reactions are indeed important to predicting bias,
due to inaccuracies in the cross sections, which are leading to increased bias. While it is an intuitive result,
it shows that the models are learning which reactions are influencing the bias. Another interesting result is
the presence of multiple 233U reactions over all three energy ranges, since it is also a trace isotope. To
investigate this isotope further the uncertainty over the energy range is plotted alongside the relative
importance in Figure 4.

As can be seen in the figure the uncertainty and feature importance are fairly correlated, which is an
interesting result, since the machine learning algorithms are not trained on the uncertainties. The
uncertainty of other high importance isotopes is also strongly correlated with the feature importances, and
typically the more important an isotope is to the ML model, the stronger the correlation. Investigating
reactions that are both important and uncertain could provide insights about where effort should be focused
to reduce bias efficiently.

5 Conclusion

Machine learning models have been shown to accurately predict the bias of MCNP6 criticallity
simulations, by using the k eigenvalue sensitivities as features for ensembles of decision trees. The
methodology developed could be using in conjunction with Whisper in order to provide more information
to the criticallity safety analyst. The mean experimental uncertainty in the benchmark measurements of &
used in this study is 0.00328, and the mean absolute error is below that for all of the models. On average
the error of the ML models is approaching the uncertainty of experimental £ measurements. The accurate
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Figure 4: Uncertainties for the various reactions for 233U (left), and feature importances for the same reac-
tions obtained from the Random Forest regressor (right). The Spearman correlation coefficient between the
uncertainty and feature importance is 0.7894.

performance of these models shows that the sensitivity coefficient is able to characterize the problem
effectively, and thus provides a strong feature for ML. In general these results imply that sensitivities of
global quantities of interest (calculated with respect to the inputs of a model), might serve as good features
for ML. Exploring this concept using validation studies for other physics modeling software is of interest.
Additionally the feature importances show which isotopes and reactions are the most important to
predicting the bias, which in turn can inform which cross sections and models should be prioritized when
trying to reduce bias.

6 Future Work

Additional research is needed to investigate the correlation between the feature importances and cross
section uncertainty, and to investigate the performance of ML algorithms on a more diverse set of
benchmarks. A study similar to this could be repeated with more features like the average neutron energy
causing fission, the prompt removal lifetime, the percentages of fissions caused by neutrons in the thermal,
intermediate, and fast neutron ranges, and other data provided by MCNP6 outputs. Currently work is
underway on applying convolutional neural networks on this dataset, which should be able to learn on the
full dataset effectively. Additionally uncertainty analysis can be explored, in order to provide confidence
intervals for predictions made by the ML tools.
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