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Abstract:

Inertially confined fusion experiments at the National Ignition Facility have recently entered a new
regime approaching ignition. Improved modelling and exploration of the experimental parameter space
were essential to deepening our understanding of the mechanisms that degrade and amplify the
neutron yield. The growing prevalence of machine learning in fusion studies opens a new avenue for
investigation. In this paper, we have applied the Gradient Boosted Decision Tree (GBDT) machine
learning architecture to further explore the parameter space and find correlations with the neutron
yield, a key performance indicator. We find reasonable agreement between the measured and predicted
yield, with a mean absolute percentage error on a randomly assigned test set of 35.5%. This model finds
the characteristics of the laser pulse to be the most influential in prediction, as well as the hohlraum
laser entrance hole diameter and an enhanced capsule fabrication technique. We used the trained
model to scan over the design space of experiments from three different campaigns to evaluate the
potential of this technique to provide design changes that could improve the resulting neutron yield.
While this data-driven model cannot predict ignition without examples of ignited shots in the training
set, it can be used to indicate that an unseen shot design will at least be in the upper range of previously
observed neutron yields.

1. Introduction

Inertial confinement fusion (ICF) experiments at the National Ignition Facility (NIF) * have recently set
fusion energy yield? records across ICF platforms. This was accomplished with NIF’s unique capability of
producing 2MJ of laser energy with 192 individual beamlines. In an indirect drive experiment, NIF's
ultraviolet beams irradiate the inside of a gold or uranium coated cylindrical cavity known as a
hohlraum, creating a near-uniform X-ray environment 3. The X-ray bath drives a spherical implosion of a
small DT capsule suspended in the middle of the hohlraum by ablating the capsule’s outer layer of high-
density carbon or other material. After the laser pulse is turned off, the remaining shell material
continues moving spherically inward at a rapid pace via conservation of momentum. This radial kinetic
energy compresses and heats the gaseous fuel in the center of the capsule to the pressures and
temperatures required for fusion to occur. During the < 100ps timeframe of maximum compression, DT
fusion begins at the central hotspot, triggering a burn wave that propagates through the compressed
capsule.



In 10+ years of NIF operations, it has proved challenging to create symmetric and efficient implosions.
Many experimental configurations have been tried across a wide parameter space that includes the
shape and size of the hohlraum, the engineering design of the capsule (such as the radius, fill tube size),
and the power and duration of each part of the laser pulse, among other factors. Several of these design
parameters are illustrated in Fig. 1. The laser pulse shape, as shown in Fig. 2, has several epochs called
the picket, trough, transition, and main pulse (also known as the peak). Each epoch of the pulse has a
corresponding amplitude and duration parameter.
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Figure 1: A diagram of a hohlraum and capsule (left) and a triangular cross-section of a DT capsule (right).
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Figure 2: An example of the measured laser pulse shape of shot N210307-004, a shot from the Hybrid-E campaign. The part of
the pulse between the red and the purple dashed line is the “picket,” between the purple and yellow is the “trough,” between
the yellow and blue is denoted as the “transition region” and between blue and the green is the “main pulse.”

As experiments at NIF have progressed towards higher fusion yields, machine learning (ML) has become
an increasingly valuable tool in studies of high-energy density physics (HEDP) and nuclear fusion 4. These
fields provide promising frontiers for ML because of the abundance of experimental and simulation
data. ML has been used to develop tokamak disruption prediction systems >, identify a physical
computational fidelity boundary for HEDP simulations 7, create more efficient plasma-diverter
interaction models relevant to ITER &, and assist researchers to discover an improved plasma
confinement regime °, among a host of other applications.

ICF experiments at NIF present a unique challenge for ML because of the relatively small number of
experiments and the diversity of parameters between shots. To date, there have been fewer than 250
Deuterium-Tritium (DT) ICF shots in NIF’'s operational history. During that time, experimental
parameters of DT shots such as tent thickness, ablator material, and pulse shape have changed
considerably with the research community’s evolving understanding of ICF physics. The small sample
size and heterogenous quality of the NIF data pose obstacles to conventional deep learning techniques
which require vast quantities of training data. ICF researchers have generally addressed this problem in
the past using simulated data for all or most of the training process, such as efforts that succeeded in
tripling the record of direct drive yield at the OMEGA laser facility 1° and approaches led by NIF that
delivered insights into the physics of indirect drive 2, ICF simulations, however, do not capture all the
details involved in the experiments and can be computationally expensive if considering 3D effects.
Including experimental measurements of implosions through transfer learning has shown promise in
improving ICF prediction performance 3.

Another branch of work has sought to identify the prediction performance of algorithms trained purely
on experimental data at NIF and identify feature importance ***°. This paper complements and extends
beyond past work by 1) leveraging the Gradient Boosted Decision Tree (GBDT) ¢ architecture, 2) utilizing



only shot design & manufacturing parameters to predict the yield, 3) including features related to
degradation mechanisms such as DT ice asymmetries, 4) visualizing the performance contours predicted
by the model to inform shot design, and 5) focusing only on High Density Carbon (HDC) shots. No
diagnostic data about the implosion, such as ion temperature, were used to predict the yield. Our model
only makes predictions from information about the shot’s design and manufacturing, such as the laser
pulse specifications (peak power, trough length, etc.) and target characteristics (fill tube diameter, ice
layer asymmetry, etc.). Using this approach allows us to focus our parameter space to a set of capsule
design parameters that can be directly controlled. For example, the models could be used to adjust the
choice of laser pulse and target specifications to maximize fusion yield. In terms of features related to
degradation mechanisms, we include tent thickness and fill tube diameter, as in previous studies, as well
as measurements of ice layer quality (such as K number!’” and size of grooves) and whether the
improved HDC capsule fabrication technique was employed. We focused only on HDC experiments to
reduce the number of variables and to prevent the model from using parameters as a campaign
“selector”. For example, “Low Foot” experiments with low yield values can be selected by the algorithm
by isolating parameters that have a range of values unique to Low Foot experiments, such as long pulse
durations. By directing our study at HDC capsule experiments alone, we make our analysis relevant to
the highest performing experiments at NIF as well as the current and likely future focus of experimental
campaigns. A Pearson Correlation Matrix of all 37 features used in this study can be found in Appendix
B.

We find that this machine learning algorithm achieves a mean absolute percentage error (MAPE) of
35.5% on a randomly chosen test set, which is larger but comparable to the observed yield variance of
10-25% for “repeat” shots at NIF 8, The most important parameters for this model to accurately predict
yield include the laser pulse picket cone-fraction?®, the laser peak duration, the laser energy, the
hohlraum laser entrance hole (LEH) diameter, and the capsule quality (flag). The laser peak duration,
laser energy and LEH are directly related to the laser drive and ablation pressure. The model finds that
the capsule quality is of secondary importance. Further, parameters that were otherwise thought of as
important are shown to have a lower influence in this model (partly because it focuses on the HDC
subset of shots) such as the laser picket strength and the K number (the DT ice layer non-uniformity
factor). We performed a design space scan of several experiments including shot N210808%%%2, the first
experiment to exceed 1MJ of fusion yield.

2. Methods

Our data set comprises of 77 DT ICF shots that use the HDC ablator starting with shot N160223 and
ending with N221107. The campaigns in the study include the original “HDC”%7%, “BigFoot”2528, Hybrid-
B2, Hybrid-E3%31, I-raum32, and SQ-n (Scaling Quality)*® designs. Certain shots were excluded because
they were specifically designed for some purpose other than DT compression and burn, and those with
known experimental irregularities such as a defective laser bundle (quad) or aged DT fuel®*.

The 37 input features (see Pearson Correlation Matrix in Appendix B) include shot design parameters
such as ablator thickness and physics-informed composite metrics such as the case to capsule ratio (the
ratio of the hohlraum diameter to capsule diameter). We include a broad set of parameters known or
suspected by the community to influence ICF yield, significantly more than utilized in past applications
of machine learning to NIF experiments. It should be noted that capsule quality information, thought to
be one of the primary degradation mechanisms®>3¢, is not consistently available across these shots. An



enhanced fabrication technique that reduces the number of pits on the capsule surface was used on
most DT shots after N210808. To account for this discontinuous improvement, we include a capsule
quality proxy variable that is O for experiments using the previous fabrication method and 1 otherwise.

We investigated whether a smaller set of features would improve prediction performance through 1)
dimensionality reduction techniques such as PCA and Factor Analysis of Mixed Data (FAMD), 2) explicit
feature selection during the cross-validation stage, and 3) manually dropping features expected to be
insignificant. In all cases, the prediction performance was worse or not significantly better than the case
where all features were used. This is consistent with the implicit feature selection that occurs during the
training of tree-based algorithm. In most of the paper, we report the results when trained on all 37
features, however similar performance can be obtained by using 10-20 features. The output of our
models is the base 10 logarithm of the neutron yield.
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Figure 3: A diagram of the machine learning pipeline utilized in this project. We split the data into training (80%) and test (20%)
sets. We use the scikit-optimize package on the training data to determine the best hyperparameters. We evaluate the model by
measuring the accuracy of predicting the yield on the test data.

A diagram of the machine learning pipeline is shown in Figure 3. We train GBDTSs using the software
package XGBoost ¥7, which has been successful in other physics-related tasks 3. Additionally, decision
tree-type architectures like GBDT are generally favored in settings with a relatively large feature to
sample ratio such as this. We automated the hyperparameter search process using the python package
scikit-optimize. The model performance during this phase is measured as mean absolute error (MAE) of
leave one out cross validation (LOOCV). We use a standard 80/20 train/test split in this study. The DART
tree booster, incorporating a tree dropout technique to potentially reduce overfitting, was chosen for
the model. The model hyperparameters can be found in appendix A.

An advantage of tree-based ML architectures is their straightforward methods for estimating the
relative importance of individual features in models. This endows the model with a level of
interpretability that is otherwise challenging or impossible to achieve for black box architectures such as
neural networks. For physics-based applications like ICF yield prediction, feature importance metrics can
boost confidence that the model is learning physically valid relationships and point to important
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correlations to inform theoretical models. In this study, we report the ‘Total Gain’ feature important
metric from the Xgboost package, which estimates the improvement of the prediction caused by
including a particular feature across all splits in the model’s tree structure.

Using a trained model, we can explore the parameter space to quantify relationships to yield. For
example, we can evaluate how the performance reacts to small changes in picket power and trough
length (adiabat and shock timing) or peak power and peak duration (coast time) or LEH diameter. To do
this, we train the model on all experiments with previously determined hyperparameters and then
evaluate the predicted performance of a single experiment as we vary up to two parameters. This allows
visualization of the optimal parameters combinations for maximizing yield.

An example of a typical NIF laser pulse with varied picket power and trough length is shown in Figure 4.
We developed a script to determine the start, middle, and end of each portion of the laser pulse using
derivatives and thresholds. We can then scale the amplitude and/or time to see how the model’s
predictions are affected by these changes. The model only accepts higher level features, but this scaling
script ensures that interdependent parameters are varied correctly (such as trough length and total laser
pulse energy). For instance, extending the trough region also increases the total laser pulse energy and
the total duration of the laser pulse.
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Figure 4: The total laser pulse is altered by stretching/shortening certain epochs in time and/or scaling the amplitude by a
multiplicative factor. We use the measured laser pulse (post shot).

3. Results and Discussion

We find that the GBDT model achieves reasonable neutron yield prediction performance. The feature
importance metrics indicate that the model relies most heavily on characteristics of the laser drive. We



also test the model on mock experiments that are slight variations of some notable experiments in the
Hybrid-E, BigFoot and the SQ-n campaigns. We note that the GBDT model does not extrapolate well to
parameter values outside the previously explored experimental design space.

Accuracy

The mean absolute percent error (MAPE) of the predicted yield (Figure 5a) for the randomly chosen test
set is 35.5% with a corresponding train set MAPE of 18.8%. This error is comparable to the 10-25%
repeatability of neutron yield outputs of identical DT shots at NIF *3, Compared to the performance of
the Random Forest (RF) models for predicting the neutron yield reported by 14, our model achieves a
modestly higher test set performance (test R?> = 0.86, compared to 0.82, 0.80, and 0.74 in the three RF
models presented in **) with comparable training loss (train R? = 0.95, compared to 0.96, and 0.96, and
0.95 '4). The smaller gap between the training and test accuracy indicates there is a lesser, but still not
insignificant, amount of overfitting.

--- exact ‘
- e ftrain -
17.5_ ® test ’,J,:
C f': ¢
> ° ,,‘;: ®
6; :”,’.
o o8 °
~ 16.51 ‘12 ..o
3 el
kS o 3
_“S e
& 1551 o o
15.5 16.5 17.5

Measured Logip Yn

Figure 5: Comparison of predicted yield vs measured yield for a randomly assigned train and test set. Perfect predictions would
fall along the dotted line.

Given the tendency of tree-based architectures like GBDT to only make predictions bounded within the
range of labels (in this case, the yield) observed in the training set, we expect the model to underpredict
future shots with higher yield, such as those that achieve ignition. The discontinuous change in the
dominant physics when entering the alpha heating regime are not well captured by the dataset of
existing shots. Nevertheless, the model could still be leveraged to indicate that the yield of a particular
design will at least be within the upper range of data already observed. In other words, we could use
this model to indicate whether we are close to the ignition threshold, even if the model cannot say that
we will go past it. Given the nonlinearities of self-heating, there may be little difference between a



design at the threshold and past the threshold of ignition. This model can quickly discriminate low yield
shots from high yield shots with a reasonable degree of accuracy.

Parameter Importance for Predicting ICF Yield
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Figure 6: The parameter importance of all the features when the model is trained on all experiments.

As stated earlier, we measured feature importance using the ‘Total Gain’ metric. Previous studies *3°
have noted strong correlations exist between features in the NIF dataset, which suggests we must use a
degree of caution when interpreting feature importance metrics since the true physically relevant
parameters may correlate with less relevant parameters.

We report the feature importance scores (Total Gain) of all the features in Fig. 6, normalized to the
mean score across all features. The top eight features mostly relate to the laser pulse characteristics (ex.
picket cone fraction, length of main pulse), but also include the laser entrance hole diameter, the
capsule quality flag, and the mass density of the ablator. The picket cone fraction (CF) is used to tune the
symmetry of the implosion very early in time. However, it is more likely that this parameter is being
used as a campaign selector. The Hybrid-E experiments use about 10% CF while the HDC and BigFoot
designs use a CF mostly greater than 13%. Further evidence of the CF serving as a campaign selector will
be shown during the discussion of the design space scans. The second most important parameter is not
much of a surprise: the main length, or duration of the peak, is analogous to “coast-time” which is
known to strongly impact to the performance.*® The total energy and LEH diameter parameters are
expected as well, as they control the velocity and time of compression. A smaller LEH diameter leads to



less energy escaping the hohlraum and therefore a higher hohlraum radiation temperature (Traq4) to
drivie the implosion. High fusion performance would not be possible without a high T;.q to provide
sufficient drive, regardless of LEH diameter. Another interesting parameter (rank 6) is the A;-As
(wavelength difference between the outer and 23° inner beams). The AA,;3 is used to tune the symmetry
of the implosion as the wavelength difference induces energy transfer between the beams that cross
each other on top of the LEH*! Indeed, some of the recent higher performing shots used the A\,3 to tune
the symmetry round (tuning done using “sym-caps”**?* and 2-D radiography experiments*?). The
seventh most important feature, according to this model, is the capsule quality flag. This flag is 1 for all
shots after N210808 except for N220129, which used a capsule from an older batch. This capsule quality
flag is set to 0 on all other shots. Ideally, we would want to use variables for the capsule quality that
would count the voids and pits with certain sizes. When this data is consistently available, we intend to
include it in a future model. It makes sense that this is ranked highly since the improved capsule quality
is thought to have played a large role in the recent successes at the NIF.

This feature importance hierarchy is somewhat different from those found in 14, which uses a different
decision tree-like architecture, feature importance metric, and includes both plastic and Beryllium
ablator experiments in the training and test set. Both approaches place significant emphasis on laser
energy, but our model does not rank picket power or main power highly. We think the reason that
picket strength (energy or power) is not as important in our study is due to the exclusion of LowFoot
experiments. Without the large range of picket strength values with accompanying yields (LowFoot =
low yield), the picket strength was deemed a less valuable parameter. However, as will be shown during
our discussion of picket power scan, that the picket power does modestly influence performance. One
notable similarity with the Random Forest in the previous study * is that this GBDT model also placed a
large emphasis on AAs.

We suggest the reader uses caution when interpreting the feature importance measurements because
the limitations of using a single number to quantify the complex influence of a feature in a model. There
are strong, nonlinear relationships between the features and the model’s predictions that are not fully
reflected by a scalar feature importance score. As stated earlier, features are also correlated with one
another, which could cause the model to infer importance of a feature that is simply correlated with a
physically relevant feature. We suggest the reader interprets the individual feature importance as
correlations that are suggestive of physical relevance, but not proof in and of itself.

Sensitivity of performance with number of features

Given the presence of overfitting, one may wonder whether performance on the test set could be
improved if the model is trained on fewer features. Figure 7 shows the train and test set MAPE as
features are sequentially added to the model in the order of their feature importance Fig. 6. For each
step, we re-run the hyperparameter search with 7-fold cross validation to find a suitable set of
hyperparameters for each combination of features.
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Figure 7: The trend in train and test set error with number of features. Features are sequentially added in order of importance
reported in Fig. 6. Test set error and overfitting tends to decrease with number of features until reaching a plateau when >20
features are included in the model.

We find that as the number of features increases, the test and train set errors tend to decrease until
reaching a plateau when more than 20 features are included in the model. Beyond that point, the test
set error bounces within the range of 25-45% while the train set error generally stays within 20-30%.
There tends to be less overfitting beyond >20 features, although overfitting is apparent in that regime,
as evidenced by the cases where train error is less than or nearly 20% generally having significantly
higher test error (~40%) than other cases (test error: ~¥30%). The lowest test error across all feature
combinations is the case with 31 features, achieving a test error of 27.1% and a training error of 31.1%.

We find that this GBDT approach for predicting yield tends to benefit from a large number of features
(>20). Other machine learning architectures, such as neural networks, tend to suffer significant
overfitting when there are many features and relatively few samples, but the GBDT model performance
in this case is generally robust out to the maximum number of features. More than 20 features may not
strictly be necessary to achieve <30% test error, but the model tends to achieve higher performance
with >20 features.

Predicting performance with design variations

Coast time and peak power

An advantage of this approach to predicting yield is the rapid predictive capability of performance as a
function of shot design and manufacturing conditions. Both training the model and subsequently making
thousands of predictions is computationally trivial, allowing us to explore, for example, how the coast
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time and peak power can affect the performance of any past or future HDC experiment. In Fig 8a, we
show the first exploration of the relative performance relationships with design/manufacturing
parameters. In these plots, each point in the 2D maps was computed by predicting the yield of alternate
version of the shot using the version of the GBDT model trained on all shots in the dataset. As discussed
in the Methods Section, when changing the coast time (peak length) or peak power, other laser
parameters such as the total energy and total pulse length are recalculated accordingly. The GBDT
model correctly identifies that increasing the energy will generally increase the yield for all three shots.
The dashed line represents the 2MJ laser energy contour, which is close to the upper range of laser
energy at NIF. Experiments designed to investigate the effect of coast time usually vary the peak power
and peak length parallel to this line to maintain total pulse energy*>**. The model shows mostly
constant yield across the 2MJ contour, except with lower yields for low laser peak length (<4ns) and high
laser peak power (>460 TW). For the same total laser energy, this model suggests that neutron yields for
these three shots can be modestly improved with longer laser peak lengths and lower laser peak power.
As stated earlier, this model has not observed an ignited shot, and therefore cannot predict ignition
itself, but it can indicate the design space where we can expect at least as high yields as observed in past
data. This region of high yield shots identified by the model below 2MJ would be an interested space to
explore with other ML models ** and more expensive conventional hydrodynamic simulations .

The yield prediction becomes unreliable beyond 2MJ because there is no data beyond that range in our
dataset. We see that the yield generally plateaus in that regime, although the plots of N180128 and
N220604 show an anomalously high predicted yield at a laser peak length of >4.75ns. The sharp nature
of the contour is likely due to the decision tree-like structure of the GBDT regression model. In any case,
this region lies in energy ranges far beyond what is included in the dataset, and so cannot be considered
a valid prediction. Instead, this model should be used to predict yields for shot designs within the realm
of observed laser energies.

Picket power and trough length

In Fig. 8b, the relationship of both the picket power and trough length are explored. These two
parameters are linked together because the picket power greatly influences the speed of the 1°* shock in
the ablator and the trough length contributes to the timing of the 2" shock and, together, determines
where in the capsule they coalesce *’. The surfaces in Fig. 8b does exhibit some linking between these
parameters, although the overall scale of the difference in yield is significantly smaller than in Fig 8a. The
model predicts slightly higher yields for N180128 and N220604 at higher trough length and lower laser
picket power, while the model finds that N210808 already sits at an optimal value in this space. The
region of increased yield in the upper left corner is an artifact of extrapolation. The dataset does not
contain any values > 0.8ns for the trough length. One can also find evidence indicative of overfitting in
this plot from the non-physical vertical and horizontal striations in the yield levels. These do not
represent large differences in yield but do indicate that the model is not completely capturing the
relevant physics. Overall, the model shows very little movement of the yield when these parameters are
altered, this is likely due to the absence of experiments with relatively large changes in picket power and
trough length.
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a) Coast Time Comparison b) Picket Power Comparison
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Figure 8: (a) The relationship of coast time (inverse of laser peak length) and laser peak power to the yield of N180128
[BigFoot],N210808 [Hybrid-E], and N220604 [SQ-n]. Note the difference in the bounds of the color scale in each plot. (b) The
relationship of the picket power and the trough length of the yield to the same three experiments. Again, note the difference
between color scales for each plot.

Laser picket cone fraction and Az

Parameters that are thought to affect the symmetry of the implosion are explored in Fig. 9a with the
relationship of the laser picket cone fraction, AA,3, and yield. The laser picket cone fraction is deemed as
the most important feature in the model, as shown in Fig. 6. By examining the range of values for the
different campaigns, we see that the model is using both features to separate low and high yield shots in
a way that does not reflect the underlying physics well. The overall difference in yield is smaller than on
the laser energy plot in Fig. 8a but is not insignificant. Decision-tree based regression models can be
thought of making predictions by carving up the input space using a decision-tree and assigning
predictions to each location. As we see in Fig. 8, the GBDT architecture is able to learn more complex
relationships than one-dimensional thresholds that you would find for a simple decision-tree regressor,
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but in this case, the model disappointingly cannot identify the key physical relationships. We would
expect a peak around yield at the AA,; that generates a symmetric implosion. This exploration shows
that these features, while ranking high on feature importance, appear to be missing the key physical
relationships. Future work using this model to design shots should likely be cautious when optimizing
these parameters. More data with a more diverse set of values for these parameters would help clear
up the relationship, but future iterations of this model may also consider dropping these parameters
from the learning process altogether. They may measure highly on feature importance, but they may
also be responsible for the discrepancy between train error (train set MAPE: 18.8%) and test error (test
set MAPE: 35.5%) discussed in section earlier. Alternatively, using a P2 (second Legendre mode used to
measure how oblate or prolate the shape of the hot spot is) playbook derived from the Cone Fraction
and/or the AA,s could be used.

Fill tube size and K number

In Fig. 9b, we look at the relationship of the fill tube *® size and the K number to the yield. These two
features are not design choices but engineering limits. The fill tube is a 2, 5 or, 10 um diameter tube
required to fill the capsule with DT gas. It is known to also seed material that mixes into the hot spot
while radiatively cooling it #*°°, thus reducing the resulting yield. The 2 um diameter fill tube was
implemented on very few shots prior to N210808, with most previous experiments having 5 um or
larger diameters. Nevertheless, the model still correctly identifies that yield degrades with larger fill
tubes. There is no variation within the ~2, ~5 or, ~10 um diameter tube ranges because only those three
discrete values for fill tube sizes are used in practice. The “K number,” on the other hand, has a smaller
impact on the yield. The K number is a rms measure of the area and length of all defect grooves in the
DT ice layer. The distribution of the K number among the different campaigns are close to uniform.
Lower K number generally correlates with higher predicted yield, as we would expect, but there is a
curious decrease in predicted yield at K number < 0.5. This is likely due to some amount of overfitting
and a lack of much data in that range (there are not shots in our dataset with K number < 0.2). One
would always expect a lower K-number to lead to higher yields all else constant, indicating that one
additional pathway to improving the model would be to require during training that the yield prediction
can never decrease with lower K-number. By requiring that known physical trends are respected by the
model, we could counteract some amount of the overfitting we observe in this analysis.
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Figure 9: (a) The relationship of laser picket cone fraction and AA2-AA3 to the yield of N180128 [BigFoot],N210808 [Hybrid-E],
and N220604 [SQ-n].. (b) The relationship of the fill tube diameter and the ice figure of merit K to the yield for the same three
experiments. Again, the color bar is different in each plot.

4. Conclusion

In this paper, we evaluate the performance and physicality of neutron yield predictions and correlations
produced by a machine learning model trained on only shot design and manufacturing data from NIF.
For a randomly assigned test set, the model achieves 35.5% error on predicting the yield compared to
the observed ~10-25% typical repeatability of identical shots at NIF. The overfitting exhibited in this
model indicates opportunities for future work to build upon this model. We shed light on the inner
workings of the model by utilizing the feature importance metrics of the GBDT architecture and by
scaling the inputs of example shots. The model places a strong importance on features related to the
ablation pressure, such as main pulse length, total laser energy, and LEH diameter, with secondary
importance given to capsule quality. This is expected because the parameters for ablation pressure
influences the compression at stagnation; optimizing the duration and extent of compression is
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necessary for ignition. By varying the number of features in the model, we find that 25%-30% test error
is achievable with this architecture on this task, but not consistently so; there are significant variations in
performance as individual features are added, even when >20 features are already included in the
model. This could be due to randomness in the architecture itself, the small number of test set
examples, and/or the variations in the hyperparameter search. Future work may be able to achieve
consistent performance improvements by exploring other hyperparameter search methods for a more
robust alternative than utilized in this study.

Future improvements could also be achieved with an improved capsule quality metric. Capsule quality is
recognized to be one of the key drivers of NIF shot performance, but without consistent quantitative
measurements across the dataset, the capsule quality metric simply indicates before or after the
discontinuous improvement in capsule quality for shot N210808. Future work could leverage the
automated capsule quality measurement scheme under development and the ability of GBDTs to make
predictions even when some data for certain parameters are missing (unlike neural networks). Refined
capsule quality data would likely greatly improve ML-based yield predictions.

We took a closer look at how certain parameters affect the yield using experiments from three different
campaigns as the starting point: N180128 (Big Foot campaign), N210808 (Hybrid E campaign), and
N220604 (SQ-n campaign). For all three experiments, the model finds improvements in yield with higher
laser energy, particular at intermediate peak length and laser power. Trends in other features indicate
that the model is not always capturing physically realistic relationships, such with picket cone fraction.
Future work could improve prediction accuracy (via reduced overfitting) by requiring that certain known
physical relationships (such as yield cannot decrease as K number decreases) are enforced on the model
and by gathering more experimental data in the regime of interest to the researchers, such as near-
ignition or ignited shots.

Although this GBDT approach is limited in some ways, it complements other tools for designing and
analyzing NIF shots by being as fast as 0-D yield estimates and capable of accounting for a variety of
experimental settings. The methodology could find a place in between low fidelity analytic yield
estimates and high-fidelity simulations. We note that the model will likely not achieve as good
performance when extrapolating to unseen ignited regimes given the discontinuity in yield caused by
alpha heating, but it could be used to quickly indicate that a particular shot design will at least be in the
upper range of previously seen yields and close to the ignition threshold, even if this is just a lower
bound. Additionally, users could leverage a standard “novelty detection" algorithm to determine
whether a proposed experiment is similar enough to past data for this data-driven model to return a
reliable prediction. Future work could also apply this approach to predicting other figures of merit, such
as the Lawson product (pte) or downscatter ratio, which have different dependencies on the scale and
energy than neutron yield.
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Appendix
A: Hyperparameters
The hyperparameters used in these models are as follows:

e GBDT Booster: DART

e Evaluation Metric: Mean Absolute Error

e Gamma: 0.0005

e Learning rate: 0.01

e Max depth: 4

e  Min child weight:2

e Number of parallel trees: 40

e Objective function: Squared Error (regression)
e Alpha:0.01
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e lLambda: 0.005

e Tree method: auto
e Subsample: 0.4

e Skip drop: 0.5

e Ratedrop:0.2

e Column sample by tree: 0.45
e Column sample by level: 0.45
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Figure 10: Correlation matrix of the 37 input variables and 1 label (Yn (13-15MeV) to the machine learning model calculated
with the Pearson Correlation coefficient.
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