ya

.
s LonLuamos

LA-UR-19-28368 (Accepted Manuscript)

Analysis of NIF scaling using physics informed machine learning

Hsu, Abigail Elaine
Cheng, Baolian
Bradley, Paul Andrew

Provided by the author(s) and the Los Alamos National Laboratory (2021-05-17).
To be published in: Physics of Plasmas
DOl to publisher's version: 10.1063/1.5130585

Permalink to record: http:/permalink.lanl.gov/object/view?what=info:lanl-repo/lareport/LA-UR-19-28368

Disclaimer:

Los Alamos National Laboratory, an affirmative action/equal opportunity employer, is operated by Triad National Security, LLC for the National
Nuclear Security Administration of U.S. Department of Energy under contract 89233218CNA000001. By approving this article, the publisher
recognizes that the U.S. Government retains nonexclusive, royalty-free license to publish or reproduce the published form of this contribution, or
to allow others to do so, for U.S. Government purposes. Los Alamos National Laboratory requests that the publisher identify this article as work
performed under the auspices of the U.S. Department of Energy. Los Alamos National Laboratory strongly supports academic freedom and a
researcher's right to publish; as an institution, however, the Laboratory does not endorse the viewpoint of a publication or guarantee its technical

correctness.
RESEARCH LIBRARY



AlP

Publishing

Analysis of NIF scaling using physics informed machine learning

Abigail Hsu*
The Department of Applied Mathematics and Statistics,
Stony Brook University, Stony Brook, NY 11790, USA

Baolian Cheng’ and Paul A. Bradley?
Los Alamos National Laboratory, Los Alamos, NM 87545, USA

Over 120 DT ice layer thermonuclear (TN) ignition experiments in inertial confinement fusion
(ICF) were conducted on the National Ignition Facility (NIF) in the last eight years. None of
the experiments achieved ignition. In fact, the measured neutron outputs from the experiments
were well below what was expected. Although experiments to fine-tune the target designs are the
focus of the national ICF program, insightful analysis of the existing data is a pressing need. In
highly integrated ignition experiments, it is impossible to vary only one design parameter without
perturbing all the other implosion variables. Thus, to determine the nonlinear relationships between
the design parameters and performance from the data, a multivariate analysis based on physics
models is necessary. To this end, we apply machine learning and deep learning methods to the
existing NIF experimental data to uncover the patterns and physics scaling laws in TN ignition.
In this study, we focus on the scaling laws between the implosion parameters and neutron yield
using different supervised learning methods. Descriptions, comparisons, and contrasts between the
methods are presented. Our results show that these models are able to infer a relationship between
the observed stagnation conditions and neutron yields. This exploratory study will help build new

capabilities to evaluate capsule designs and provide suggestions for new designs.

I. INTRODUCTION

Achieving ignition in the laboratory is one of the
“grand challenge” problems in science, and the National
ignition Facility (NIF) [1] was constructed to accomplish
this task. In the last several years, National Ignition
Facility (NIF) has made significant progress in the im-
provement of hohlraum, implosion symmetry and capsule
performance. A record yield of 1.9 x 10 fusion neutrons
[2, 3] was produced in 2017. Since then, no ignition cap-
sule has achieved a higher yield, in spite of considerable
effort. Like many other physical systems, NIF ignition
capsules are designed using analytical models and com-
puter simulations. There are many model parameters
that take into account the various components of the
system to determine the energy efficiency, performance,
and reliability of the design. NIF ignition capsules are
imploded with marginal energy drive and compressed to
extreme conditions of high temperatures, pressures and
densities. Thus, any perturbation could affect the perfor-
mance of these capsules. Improving the implosions be-
comes a multi-dimensional optimization problem, which
gives rise to the question of how best to optimize future
capsules, hohlraums and drive pulses to obtain higher
yields and possibly ignition. Early in 2009, Murari et al.
[4] started to use machine learning techniques to investi-
gate issues in magnetic confinement fusion. Baltz et al.
[5] developed the “Optometrist Algorithm”’ through Fus-
ing human and machine interaction to find the important
parameter settings for the plasma fusion experiments.
Machine learning tools are designed to handle large data
sets that are sensitive to many different parameters, and

some have been adapted to Inertial Confinement Fusion
(ICF) problems [6-11]. The paper of Gopalaswamy et al.
[9] is especially interesting as they use a statistical model
and experiments to iterate to a better cryogenic DT cap-
sule design and laser pulse. Hatfield et al. [11] used
a Gaussian process-based machine learning algorithm to
investigate the ICF designs on NIF. It is hoped that ma-
chine learning tools might suggest a better NIF capsule
design that can achieve higher yields. Here, we start by
examining the ability of machine learning tools to model
the existing cryogenic DT ice layer shots performed on
the NIF and further understand the burn physics in ICF.

Traditional machine learning methodology has demon-
strated successes in object classifications[12, 13]. Super-
vised learning tasks are straightforward to solve when
large quantities of data are available[14, 15]. For systems
with small sets of labeled data, physics informed learn-
ing will be extremely important to help overcome the
challenge of training on small datasets. In inertial con-
finement fusion, we usually do not have enough experi-
mental measurements to train a machine learning model
using experimental data alone. Gaffney et al.[16] devel-
oped a Bayesian framework to use experimental data to
update the physics through the calibration of ICF simula-
tions data. Humbird et al. [8] used deep jointly-informed
neural network to calibrate from post-shot simulations
of experiments. However, we could use physics analysis
and knowledge to shortcut and train a machine learn-
ing model that is a good reflection of reality via building
a model relationship between independent inputs and a
dependent, measurable output [5, 17, 18].

In this work, we analyze the scaling laws between the
implosion parameters and neutron yield by using dif-
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ferent supervised machine learning methods including
regression, such as k-Nearest Neighbors Regression (k-
NNR), Polynomial Regression (PR), Support Vector Re-
gression (SVR), sparse heteroscedastic Gaussian Process
(GPz) developed by Almosallam [19], as well as deep
learning methods such as Deep Neural Network (DNN)
and the Deep Jointly-Informed Neural Network (DJINN)
developed by LLNL([20]. We examine the predictive capa-
bilities of these models to determine their ability to pre-
dict the outcomes from the trained experimental data.
We will compare the predictions from various machine
learning models with both the experimental data and
theory.

We provide a brief description of ignition theory, the
layered DT implosion dataset we use, machine learning
regression methods and performance metric comparison
in section II. In section III, we resent our results for single
and multiple variable input predictions. Conclusions and
discussion of our results are summarized in section IV.

II. DATA AND METHODS
A. Physics

A series of fundamental physics studies in fusion sci-
ence [21-26] and other sources [3] indicate that the neu-
tron yield of ignition capsules scales with a power law of
the peak implosion velocity of the capsule, Y,, o Vil;np,
where I' ~ 6 — 18 depending on the adiabat of the pusher
(I' ~ 6 for low adiabat and I" ~ 18 for very high adi-
abat [21]). In addition, the theory also demonstrated a
power-law dependence of the neutron yield on the ion
temperature of the hot spot, Y, oc T# as presented by
Cheng et al. (2018)[22].

B. Data

Many ignition experiments have been conducted on the
NIF since 2011 including the low foot[27], high-foot[28],
high density carbon (HDC)[3] and Bigfoot [29] ignition
capsules. Various ablator materials have been used in
these experiments, including doped CH, HDC and Be[30].
During this time, significant improvements in hohlraum
design and operation were achieved [28, 31-33]. In par-
ticular, hohlraum modeling became more predictive with
the switch from high density gas fills to low density gas
fills, which reduced the backscatter from Laser-Plasma
Instabilities (LPI), among other deleterious effects.

The NIF data set of DT ice layer capsule implosions
shows a clear performance distinction between capsules in
low and high density gas fill holraulms [32]. In this work,
we divided the NIF data into two groups for our analy-
sis. The first group (Group I) are the capsules with high
gas fill density hohlraums and the second group (Group

II) consists of capsules in low gas fill density hohlraums.
Group I consists mostly of shots before 2016, while Group
IT contains the more recent shots between 2016 and 2019.

We are interested in the neutron yield (Y,) as a func-
tion of peak implosion velocity (Vimp) and hot spot tem-
perature (T;,,) in this initial investigation because the
yield is most sensitive to these two quantities [22]. We
display the raw data of neutron yield vs. hot spot tem-
perature for NIF capsules in the two groups as shown in
Fig. 1. The points in red solid circles (and red solid line)
from Group I have a scaling law of Y oc 7397, The data
points in blue solid squares (and blue dashed line) from
Group II have a scaling law of Y oc T7-6!, The different
scaling patterns in the two groups are obvious.

—_—y T3

. y~T761
Data(Group 1)

= Data(Group Il)

Yield (x10'°)

2 a
Tion(keV)

FIG. 1: Yield versus hot spot temperature from Group
I (red line and circles) and Group II (blue line and
squares) NIF shots.

Similarly, the relationship of raw data of neutron yield
versus peak implosion velocity for the NIF capsules from
2011 to 2019 shots in the two groups is presented in
Fig. 2. Again, the data points in red solid circles are
shots from Group I, which are fit by a power law of
Y o V1627 shown as the solid red line. The data points
in blue solid squares are collected from Group II which
are fit by a power law of Y o< V12 and shown as the
dashed blue line. The separation of two groups is not
as obvious as in Fig. 1. This is mainly because of the
non-unique relationship between capsule yield and peak
implosion velocity. In theory, the neutron yields of cap-
sules scales with peak implosion velocity as ¥ = u)‘/il;zyp,
where coefficient 1) and power index I" are all functions
of the adiabat of the pusher (cold fuel + remaining ab-
lator). A higher adiabat pusher leads to a lower 1 and
a higher I'. Accordingly, a lower adiabat pusher would
correspond to a higher ¢ and lower I'. Recent analysis
[34] indicates that the pusher adiabat in Group I might
be actually higher than the pusher adiabat in Group II
because the preheat and implosion quality were better
controlled in the later experiments than in Group I. This
will be discussed more in subsequent sections.

The correlation matrices between NIF variables in-
cluding yield, radius ratio of hot spot over ablator
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FIG. 2: Yield versus peak implosion velocity from
Group I (red line and circles) and Group II (blue line
and squares) NIF shots.

(%)7 down-scattered ratio (DSR), peak implosion ve-

locity (Vimp), hot spot temperature (T;,,,), laser energy
(LE), laser energy absorbed (LE,s), and hot spot shape
(P2/Py) from Groups I and II are shown in Figs. 3 and 4
respectively. Note that the correlation matrices in Figs. 3
and 4 are symmetric about the 45° axis so that the top
right color is identical to the bottom left. The strongest
correlation is between yield and hot spot T;,, in both
groups. However, the correlation is weaker for Group II
compared to Group I. The second strongest correlated
pair is yield versus Vjn,,. Both LE and LE,;, are also
highly correlated with yield. However, the yield is weakly
correlated with the down scattering ratio (DSR) that is
proportional to the total areal density of the capsule and
hot spot shape metric (P»/Fp). Particularly, the NIF
data in Group I showed a negative correlation of perfor-
mance to DSR. Such a behavior is consistent with the
theory given by Cheng et al [21], where the pusher was
shocked or preheated to a higher than designed adiabat,
which is counter to simple intuition.

In physical terms, the neutron yield of a capsule di-
rectly depends on the areal density of the hot spot, but
not the total areal density or DSR of the capsule, al-
though a non-linear relationship exists between the two.
In the NIF shots with a higher adiabat, for example the
shots of Group I have a relatively higher fraction of the
implosion kinetic energy distributed to the pusher and a
lower fraction of the implosion energy into the hot spot.
Thus, the pushers for capsules of Group I were more com-
pressed (relatively higher DSRs), and the hot spots less
compressed. Therefore the neutron yields were lower in
this group even though the total areal densities of the
capsules were higher. This is why an anti-correlation be-
tween the neutron yields and the total areal densities (or
DSRs) of the capsules in Group I was observed in Fig. 3.
Such an anti-correlation will gradually be reduced as the
size and temperature of the hot spots increase.

C. Machine learning regression methods

Machine learning (ML) regression methods predict the
output of a given task based on experience from specified
inputs and outputs [35]. The collection of the training in-
put is defined as X = {z;} and the observed output is de-
fined as Y = {y;}. Given the inputs X = {z;}?* € R"*4,
where n is the number of samples in the data set and d
is the dimensionality of the input. ML algorithms turn a
data set into a model for supervised, unsupervised, clas-
sification, regression, etc. In supervised learning, the tar-
get label or answer is provided for the training data set.
Training and evaluation turn supervised learning algo-
rithms into models to find the set of values that best
matches the provided target data by optimizing their pa-
rameters. To use numeric data for machine learning re-
gression, it is best to normalize the data to avoid numer-
ical convergence issues arising from large dynamic range.
In this work, we normalize the inputs and outputs using
min-max normalization method and map the data to the
range of 0 and 1. There are dozens of machine learning
algorithms for non-linear regression, of which we explored
six of these algorithms below and compare their advan-
tages and disadvantages.

All of the constructed models are based on open-source
software libraries such as Tensorflow, Scikit-learn, and
high-level optimized algorithms such as DJINN, GPz.
Tensorflow [36] is massive array manipulation library for
designing, building and training networks. It provides
a variety of different toolkits and focuses on deep learn-
ing algorithms. Tensorflow is customizable and is able
to scale up to large numbers of data points. Scikit-learn
[37] is a Python module integrating a wide range of ma-
chine learning algorithms and the library is focused on
modeling data. It has highly-optimized algorithms, but
lacks the ability to scale up to extremely large data sets.

1. K-Nearest Neighbors Regression

The simplest method is k-nearest neighbors regression
(k-NNR) algorithm is a non-parametric method where
the input consists of k closest neighbors and the output
value is the average of the values of k nearest neigh-
bors [38]. This method does not assume an explicit
form of the data, which provides a flexible approach.
The optimal value for k depends on the bias-variance
trade off. A small value for k provides the most flexible
fit and will have a low bias but high variance, while a
larger value of k provides a smoother fit. The library
“sklearn.neighbors.KNeighborsRegressor” uses k = 5 as
the default value for n_neighbors. A common suggested
rule is to set k = \/n, where n is the number of samples
in the training set. The advantage is that this is a simple
technique to implement and no assumptions about the
characteristics of the data are needed. However, it eas-
ily picks up noisy or irrelevant features. In addition, it
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FIG. 3: Variable correlation matrices from Group I NIF FIG. 4: Variable correlation matrices from Group IT

shots. Note that the matrix is symmetric about the 45°

axis. The yield is most strongly correlated with T,
and Vimp~

is computationally expensive to find the k nearest neigh-
bors, and to keep track of all the training data, especially
when the training dataset is very large.

2. Polynomial Regression

Polynomial regression [39] is a form of regression anal-
ysis in which the relationship between the independent
variable {z;} and dependent variable {y;} is modeled as
an n'® degree polynomial of {z;}. The Polynomial Fea-
tures routine from the scikit-learn library generates a new
feature matrix consisting of all polynomial combinations
of the features with degree less than or equal to the spec-
ified degree n. Choosing a degree n that is too high or
too low can cause overfitting or underfitting respectively.
Thus, the theoretical scaling power laws derived earlier
will be helpful to guide the choice of n.

8. Support Vector Regression

The foundations of support vector regression (SVR)
were developed by Vapnik [40]. SVR constructs a hy-
perplane maximizing the margin which can be seen as
regularize the solution by minimizing w, where w is a
weight vector that is normal to the hyperplane. For sim-
plicity, we use linear regression (as an example) to in-
troduce the mathematical concepts. The goal is to find

NIF shots. Note that the matrix is symmetric about

the 45° axis. The yield is most strongly correlated with

Timu LEabsy Vzmp and LE.

a function f(x;) = wz; + b, where b is the threshold
value. The function f(z;) is fit within a margin of tol-
erance € from the value y(z;) for every data point, i.e.
ly(z;)— f(z;)| < €, where the error function is an epsilon-
insensitive loss function which means that errors less than
€ are ignored. The optimization problem is defined as fel-
lows:

. 1,9 - *
minimize §Hw|| +CZ(&+€¢ )
P
yi—wla; —b< e+ &
subject to{  wla; +b—y; <e+ &
&>0,6">0.

where C is a parameter that controls the amount of in-
fluence of the error and ||w||* controls the complexity of
the regression function [41]. The kernel functions ¢(.)
such as linear, polynomial (poly), radial basis function
(rbf), sigmoid from sklearn.svin class which transforms
the lower dimensional data into a higher dimensional fea-
ture space, that is <¢(X),¢(Y)> = K(X,Y). The most
commonly used non-linear kernels are poly kernel maps
to high dimensional d, K(X,Y) = (XTY + l)d and rbf
kernel K(X,Y) = exp(52||X —Y|?), where o is a free
parameter. The global of minimizing in SVR is always
achievable by using convex optimization function.
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4. Sparse Heteroscedastic Gaussian Process

Gaussian Process (GP) [42] is a popular and power-
ful nonparametric, Bayesian supervised machine learning
algorithm. The key benefit of GP is rooted in probabil-
ity and Bayesian inference. Its greatest practical advan-
tage is that it can give a reliable estimate of its own un-
certainty. Unlike many supervised ML algorithms that
estimate every parameter in a function, the Bayesian
approach describes a probability distribution over func-
tions. On a linear function f(z;) = wzx; + b, where
w and b are parameters, Bayesian approach specifies a
prior distribution, p(w) on the parameter w using Bayes’
Rule [42]:

p(y|X, w) - p(w)
wly, X) = —————>
p(wly, X) 20X
likelihood - prior

o))

osterior = ———————.
P marginal likelihood

The predictive distribution for unseen testing points, z*,
can be calculated by weighting all possible predictions
using the posterior distribution from Eq. (1) as:

p(F1e . X) = [ (e )l X) o
w
With the GP prior knowledge, it can be easily incorpo-
rated into functions through the selection of the mean
and covariance functions by summing the label distribu-
tion and noise distribution. A class of functions referred
to as Mercer kernels [43] guarantee the function maps to
a valid covariance matrix, i.e. symmetric and positive
semidefinite. The time complexity cost for the GP train-
ing is O(n®) from inverting the n x n covariance matrix.

A GP-based ML algorithm, Sparse Heteroscedastic
Gaussian Process (GPz) [19] is an ML regression al-
gorithm developed to reduce the complexity cost from
O(n?) to O(nm?) where m(< n) is the number of ba-
sis functions. It allows for non-stationarity by minimiz-
ing the number of required basis functions. Its success
was demonstrated in estimating the galactic redshifts of
galaxies in astrophysics [44] and the photometric redshift
in cosmology experiments [45, 46]. Recently, Hatfield et
al. [11] has applied this algorithm to yield predictions of
ICF experiments on NIF.

The sparse Gaussian processes is described as ba-
sis function models (BFM) with assumptions that the
observed target outputs y; is generated by a linear
combination of m non-linear basis functions ¢(z;) =
[qbl(xi),...,qu(zi)]T € R™, and additive noise ¢; ~
N(0,0?) described as [47]:

yi = ¢(zi)Tw + €

where w is a length m weights vector of the basis func-

(S

tions. The conditional predictive distribution is con-
structed as follows:

plylz) ~ N(p(z), o%(2)) |

where 4 is the centre mean function and o is the covari-
ance (kernel) function.

The basis function used in GPz is the radial basis func-
tion (RBF), which is parameterized by its centre mean
Wi € R? and precision ;71 =T7TT,, where I'; € RIx4,
The general form of the radial basis function is

0 = cap (3o 1) T s - )

A variety types of covariance structures, such as a be-
spoke I'; variable covariances named “GPVC” for each
basis function j are also developed [19].

The GPz regression Matlab implemented source code
are accessible at the OxfordML/GPz GitHub repository.
The GPz algorithm requires very little tuning with the
model specified. here n is the number of observations
in the data. In the GPz library, the important parame-
ters are “m”, which represents the number of basis func-
tions to use that indicates the model complexity and
“method”, such as GL, VL, GD, VD, GC and VC are
available for the basis function model choice. We used
m = 80 and the “VC” basis function model for the two
groups of the NIF datasets that achieved the best per-
formance.

5. Deep Neural Network Regression

The deep neural network (DNN) [48] is a feed-forward
artificial neural network trained with the back propaga-
tion algorithm mapped to multi layer perception. The
signals always travel to the output layer direction with
substantially weighted interconnections. A given node
takes the weighted sum of its inputs, and passes it
through a linearly/non-linear activation function. The
output of the node then becomes the input of another
node in the next layer [49], transformed by using the ac-
tivation function f. The network is initialized randomly,
which leads to a lot of variation in the neuron learning
behavior. As a result, the earlier hidden layers learn
more slowly than later hidden layers. A typical one hid-
den layer can be mathematically described with weight
w and bias b by Eq. (2):

z = f(z T,w; + b) (2)

The most commonly used activation function is a sig-
moid function, which maps to values between 0 and 1
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[50], defined as:

1

f(z) = sigmoid(z) = m

@)
The use of back propagation with gradient descent is
the attraction behind the efficiency of the deep learning
model. It is an efficient algorithm computing the gra-
dient of the loss function with respect to the parameter
6. The non-linear optimization method gradient descent
adjust weights to reduce value of the error function until
it converges. The standard processes are :
1. build multiple hidden layers with an appropriate acti-
vation function take in the training input data X
2. compute the estimates of output f(X;6)
3. measure the difference between the true target Y and
the estimates via the loss function
4. minimize the difference by computing the gradient
of the loss function with respect to the parameter 6 via
backpropagation
5. predict the output for test data set using the best
parameters tuned through the training data set
The main advantage of neural network is its ability
to outperform nearly all traditional machine learning al-
gorithms in multiple domains. The well-known disad-
vantage of neural networks is the “black box” nature of
the algorithm, which means that we do not know how
and why a certain output is generated. Neural networks
usually require much more data to train them than tra-
ditional machine learning algorithms.

6. Deep Jointly-Informed Neural Network Regression

Some researchers have investigated the possibility of
mapping decision tree (DT) and random forests into neu-
ral networks. Humbird et al. [20] proposed a deep jointly-
informed neural networks (DJINN) algorithm maps en-
semble of DTs trained on the data into a collection of
initialized NNs that would then be trained by backprop-
agation, which was developed at LLNL. The authors pre-
sented compelling evidence suggesting that DJINN repre-
sents a robust algorithm that can generate accurate NNs
for a variety of datasets. The first step of the DJINN
algorithm is constructing the ensemble of decision trees.
The representation for the DT model is a binary tree.
The second step is mapping from trees to neural networks
as a guide for the network architecture and weight ini-
tialization, and then neural networks are initialized layer
by layer. The third step is tuning the weights in neural
networks by backpropagation. DJINN uses rectified lin-
ear unit activation function at each hidden layer and an
Adam optimizer to minimize the cost function.

The regression source code is accessible at the
LLNL/DJINN github directory and there are three main
tuning parameters for this model: the number of trees

represents number of neural nets in the ensemble, max
depth of the tree is used to optimize for each data set,
and dropout probability for Bayesian approximation.

D. Performance Metrics Comparison

Performance metrics measure the regression error to
evaluate frameworks in various fields. In machine learn-
ing regression, performance metrics are used to compare
the trained model predictions with the observed values
from the test data set [51]. In addition, performance
metrics are used to evaluate the capability of discrimi-
nating among different model results. A vast variety of
performance metrics have been described in the literature
and we focus on four metrics on point estimates without
incorporating the quality of uncertainty estimates.

The most commonly used metric in research is the
mean square error (MSE), which is the average of the
square of the errors of the predictions. The error in
this case means the difference between the observed
values y; and the predicted ones f(z;), that is MSE
=L Efil (f(z:) —y:)®>. The larger the number is, the
larger the error is and the worse the model is. While
MSE is commonly used, one very bad prediction will
magnify the error, and may overestimate the badness of
the model.

Mean Absolute Error (MAE) is calculated as an av-
erage of absolute differences between the target values
and the predictions via the algorithm, that is MAE
=+ ZlNzl [f(2;) — ys]. This metric is not sensitive to
outliers as MSE.

The R-Squared (R2) is the proportion of the variance
of the depend output y; from prediction f(z;). It eval-
uates how well a model performs and closely related to
MSE, but it has the advantage of being scale-free. The
value of R? is generally between —oo and 1 and is defined
as follows:

N 2
N et (Wi — f(2))
N _ b
% Zi:l (yi - .7/)2
where 7 is the mean of the observed value y;. A value of

R? close to 1 indicates the error is close to zero, that is
a model predictions are very close to the observations.

R*=1-

Finally, there is the Explained variance score (ExVar),
defined by

Var(y - £(X))

. —1—
ExVar Var(v) s

which is equal to R? when the mean error is zero.
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III. RESULTS

A. Single Input Regression Predictions

A comparative assessment on neutron yield and hot
spot temperature of the NIF ignition capsules are per-
formed using the six machine learning regression meth-
ods. Predictions are obtained and compared to each
other, along with the observed experimental yield data.
All the supervised methods take the hot spot T, as in-
put and conduct predictions on the two groups of data.
‘We divide each group data into two sets with an 80-20
percent random split. The training set contains 80% of
the data. We use this set of the data to train and tune the
parameters for the algorithm. We then use the tuned pa-
rameters to predict the testing set, which is the remaining
20% of the data. Because of the small available exper-
imental dataset, the data does not split into validation
dataset which evaluates a model fitting on the training
dataset in an unbiased manner, while tuning the hyper-
parameters for the model. Since the testing set is real
data not used for fine tuning, the predictive capability of
the trained algorithm can then be directly tested against
the experimental data.

Our strategy of training and predicting using experi-
mental data differs from other researchers who use thou-
sands of simulations to train the algorithm. In our view,
NIF ignition capsules are operating in a marginal energy
regime, all of the perturbations are in the sensitive range
to affect the performance of the capsules so that most
of the pre-shot simulations are not predictive. Thus, the
simulations trained algorithm will also have low predic-
tive capability for new designs. Our methodology that
uses experimental data only to train the algorithm first
and test the algorithm with real data second and eventu-
ally predict new designs (the subject of future work), will
give more confidence on future designs using the trained
and tested methods.

The training data predictions using different methods
are shown in Figs. 5 and 6 for the two groups respec-
tively. All of the methods give a reasonable and con-
sistent predictions on the two training data groups. The
solid black line represents the mean from the GPz model.
The 95% confidence interval (CI), i.e. plus or minus two
standard deviations from the mean, is displayed by the
grey shaded area. Results suggest that the high uncer-
tainty area may be improved by adding more data points

especially for Group II.

TABLE I: Yield prediction statistics for test dataset
taking in T;,, for NIF shots from Group I.

Models| MAE MSE R? ExVar
DJINN [0.07 0.01 0.91 0.92
DNN 0.07 0.01 0.87 0.89
k-NNR [0.1 0.02 0.75 0.85
SVR 0.07 0.01 0.88 0.91
PR 0.08 0.01 0.81 0.88
GPz 0.09 0.02 0.78 0.82

TABLE II: Yield prediction statistics for test dataset
taking in T, for NIF shots from Group II.

Models MAE MSE R? ExVar
DJINN [0.09 0.01 0.87 0.87
DNN  |0.08 0.01 0.87 0.87
k-NNR [0.17 0.06 0.43 0.49
SVR  |0.11 0.02 0.76 0.85
PR 0.09 0.02 0.83 0.87
GPz 0.09 0.01 0.79 0.89

Predictions of the six trained algorithms for the test
data are plotted against the observed experiment yields
in Figs. 7 and 8. The solid line represents predictions
equal to experimental values, which indicates the best
predictions. The closer the points from a given method
are to the solid line, the better the prediction is. The
DJINN method performs best for the two groups on av-
erage, (where the diamond shapes are generally closer
to the solid straight line) as shown in Figs. 7 and 8 re-
spectively. Note that the GPz model consistently gives
a better yield prediction than DJINN for relatively lower
values and the very highest ones in both groups. We
do not yet have a good interpretation for this behavior.
Further study and comparison would be needed.

‘We notice that the machine learning predictions from
all methods except the GPz algorithm for the high yield
capsules in training data Group II are lower than the ac-
tual measured yields, as displayed in the upper-right cor-
ner of Figs. 6 and 8. This happens to be a generic feature
in machine learning that often ends up underestimating
the high values, and overestimating the low values, as the
machine learning algorithm is drawn to the middle where
most of the data is. The highest data point can’t be
overestimated because the algorithm has never seen any-
thing higher in it’s training set. These under-predicted
values are from the high-yield HDC ignition capsule fam-
ily, which includes the record yield (1.9 x 10'6 neutrons)
capsule N170827 shot [2] and its variants. The inability
of all machine learning methods (except for the GPz) to
predict these data reflects the reality in NIF experiments
that capsules performance is quite sensitive to various
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design perturbations. These HDC shots had a relatively
high peak implosion velocity and thin shell, which put
these capsules close to the velocity cliff and increased the
risk of shell burn-through, allowing excess mix between
pusher and cold fuel. More discussions will be given in
later section of the paper.

In machine learning science, there is no one algorithm
works best for every problem, which is especially relevant
for supervised learning methods. The performance met-
ric comparison of different approaches are shown in Ta-
bles I and II. The statistics of mean square error (MSE)
of different methods are relatively small and have less
variation, which are due to the normalized data having
values between 0 and 1. All methods perform well on
shots in Group I, as shown in Table I, while DJINN out-
performs the other methods by having the highest R?
and ExVar and lowest MSE snd MAE. All the meth-
ods are less predictive for the low gas density hohlraum
Group II data set, although DNN and DJINN both per-
form reasonably well, as shown in Fig. 8 and Table II.
The GPz method does not outperform DJINN on the
testing dataset for most of the metrics, but has a rela-
tively higher ExVar and lower R? than DJINN in Group
II. The apparent difference between the R? and the Ex-
Var for GPz in Group II indicates a non zero mean error
in the GPz methodology. Therefore, a few more different
metrics seem necessary to illustrate the model goodness
on ICF.

It is worthwhile to point out that physics guided ma-
chine learning and physics based judgement when prepar-
ing the data sets (before using machine learning) are im-
portant in this analysis. Similar to the finding in several
other fields [5, 18] that combining machine learning and
human judgement gives the best results [17]. If the ex-
perimental data had not been divided into two groups
according to the gas fill density of the hohlraums, (that
is, if we performed training and testing on the combined
data) the best predictions were obtained by the DNN
method (R? = 0.69), which is a worse performance, as
shown in Fig. 9 compared to the separated groups shown
in Tables I and II.

The choice of domain variables can also affect the pre-
dictive capability of a method. Therefore, we have also
studied how the prediction of different methods is af-
fected by different choice of the domain variables, such
as taking peak implosion velocity as an single input to
predict yield.

Our results show that all the methods including
DJINN and DNN — perform poorly in predicting Y,, for
the training and test data sets from both Group I and II
using Vi, as an input. As an example, In Fig. 10, we
plot the yield predictions for Group I using peak implo-
sion velocity using DNN method. The predictive power
is poor with a low R? of 0.62. The yield predictions
for Group II (not shown) is even worse than for Group
I. A similar pattern for yield predictions using hot spot

temperature is also observed. These observations can be
explained by the correlation matrix displayed in Figs. 3
and 4, where the correlation between yield and T, is
stronger in Group I than in Group II and is much stronger
than the correlation between yield and V;,;, in both data
groups.

The reason that implosion velocity in the present NIF
data is a poor predictor of yield and the predictive power
decreases with hot spot Tj,, is that other yield degrada-
tion mechanisms become important as the velocity in-
creases and the measured temperature depends both on
compression of the gas and on non-radial flows in the
gas. On the NIF, several campaigns increased the im-
plosion velocity to the point that the yield dropped dra-
matically. This yield drop is typically attributed to abla-
tor burn-through, resulting in a lack of confinement and
increased mix. The measurement of T;,, comes from
Doppler broadening of the 14 MeV DT neutron peak.
However, this broadening can result either from higher
ion temperature (and greater burn rates) or residual flows
in the gas of the hot spot (such as from non-radial flows
induced by time dependent low-mode asymmetries). Sig-
nificant hot spot material flows can appear to give a high
burn temperature, but result in degraded yields.

Quantifying the uncertainties of the training data and
the predictions of the different methodologies is crucial.
Machine learning is traditionally very good at interpo-
lation, but poor at extrapolation. Recently researchers
have performed a systematic analysis on the uncertainty
of some NIF experimental data [52]. Due to limited
scope of this article, we hope to quantify the uncertain-
ties in both interpolation and extrapolation associated
with each machine learning method in a future paper.

B. Multiple Inputs Regression Predictions

In order to explore the predictive capability of the ma-
chine learning methods, we look into multiple inputs pre-
dictions, especially using capsule input parameters. We
take four input variables including hot spot Tion, Vimp,
LE, and LE;s to predict the yield in both groups. We see
that the yield predictions in both groups using these mul-
tiple inputs are worse than using the single hot spot T;sp,
variable, especially in the high yield region, as demon-
strated in Figs. 11 and 12. Such a trend is expected be-
cause high peak implosion velocity could result in less
remaining ablator mass, shell-burn-through and lower
neutron yields. In addition, many other physical factors
played roles during the capsule implosion between the
peak implosion velocity time and the stagnation. Thus,
the training data in the high velocity regime is pretty
much scattered so that the learning in that part of pa-
rameter space is not well trained.

Implosion symmetry and hot spot shape play impor-
tant roles in the thermonuclear performance of the NIF
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FIG. 7: Yield predictions of various methods for test
dataset, taking hot spot T,,, as input for NIF shots
from Group 1.

ignition capsules [25, 52, 53]. The hot spot shape is often
characterized by low mode Legendre Polynomials, with a
common example being the ratio of the second order to
zero order Legendre polynomials (P/Py). If P, is nega-
tive, it represents an oblate hot-spot shape and if P is
positive, it indicates the hot spot is prolate. A spherical
hot spot shape has a P, value of zero. If we include the
effects of hot spot shape by adding the ratio P»/P, as a
second input variable (along with the hot spot tempera-
ture Tjon) to be trained, it will not improve the ability
to predict the yield, as demonstrated in Figs. 13 and 14.
For example, the performance metric R? for the DJINN
method is reduced slightly from 0.87 to 0.74 compared
with the single input regression performance metric for
Group II.

shots from Group II.
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FIG. 8: Yield predictions of various methods for test
dataset, taking hot spot T, as input for NIF shots
from Group II.

In general, the predictive capability of a machine learn-
ing algorithm should not get worse by adding extra in-
formation to the algorithm if the information is essential
and the system is stable. However, for the NIF capsules,
at the current laser power, the implosion kinetic energy
of the ignition capsules is not adequate enough to pro-
duce a robust implosion that is sustainable to unexpected
perturbations. In fact, the thermonuclear burn in the
capsules is sensitive to many factors, such as peak implo-
sion velocity, pulse shape, pusher adiabat, and implosion
symmetry. Equally weighting these factors resulted in
reduced predictive power. Therefore physically selecting
and weighting meaningful extra information for inputs
is important to improve the predictive capability of the
algorithm for new designs.
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IV. CONCLUSIONS AND DISCUSSIONS

The main purpose of this research is to assess the pre-
dictive capability of different machine learning methods
on implosion parameters and neutron yields of ignition

LE, and LE,;s in NIF shots from Group I.
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FIG. 14: Yield prediction taking in hot spot T, and
shapes in NIF shots from Group II.

capsules. In this study, we have done an extensive search
for the best parameters to gain the best predictions. Our
study demonstrates a remarkable agreement among ma-
chine learning methods, simple physics theory and the
NIF experiments on physics scaling laws. Our results
show that in systems with limited data points, physics
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guided machine learning can provide useful predictions
to the system. For NIF ignition capsules, the deep learn-
ing method can predict the yield reasonably well from hot
spot temperatures. The predictions are slightly better for
shots from 2011 to end of 2015 (Group I) than for shots
from 2016 to 2019 (Group II). The reason might be that
more design changes (ablator material and laser pulse
adiabat to name two examples) were made in Group II
and our machine learning inputs have not captured these
design changes.

We observe that the yields prediction power by taking
in peak implosion velocity is weaker than the prediction
from the hot spot temperature. This weakness could be
caused by uncertainties in inferring the velocity. The
multiple inputs regression does not add yield prediction
power. Our study also show that adding the low mode
asymmetry parameters P»/Py of the hot spot in inputs
does not increase the predictive capability. The lack of
a strong correlation between yield and P»/P0 is also an
evidence that NIF is not close to achieving ignition[25].

Theoretically speaking, for a given adiabat, the hot
spot pressure should be a strong function of the peak
implosion velocity. However, our machine learning study
trained by the NIF data indicates that in reality, in the
energy regime (marginal) of NIF operations, the peak
implosion velocity is not yet solely dominating the per-
formance of these capsules. Many other perturbations
such as pusher adiabat also have sizeable impacts on cap-
sule performance. The pusher adiabat, is associated with
many design parameters including preheat, pulse shape,
instabilities, thickness of ablator, and implosion symme-
tries. Experimental data shows that with uncontrolled
adiabat, the increased performance predicted from in-
creased peak implosion velocity may have well been elim-
inated by the decreased performance caused by the in-
creased adiabat.

Here we would like to point out that for a given implo-
sion kinetic energy (]V[pVignp /2), increasing peak implo-
sion velocity is at the cost of decreasing the pusher mass
M, so does the the remaining ablator mass. High reso-
lution simulations [54] and recent Be experiments [55, 56]
have shown that large interfacial instabilities would arise
in case of low remaining ablator mass, then the shell
would be burnt through and the pusher would be pushed
into a higher adiabat, which affects the energy partition
between pusher and hot spot and results in a low hot
spot energy, low hot spot areal density, and low neutron
yield. That is why we observe a yield drop at high peak
implosion velocity in the NIF shots in Group II. There-
fore, in future designs, purely pursuing high implosion
velocity without controlling adiabat may not lead to the
desired performance improvements.

In this paper, we demonstrate how to use physics
guided supervised ML methods to identify meaningful
nonlinear correlations and interactive patterns in the
data as a complement to traditional regression analysis.
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From this study, we observe the following: 1) yield and
hot spot temperatures of the capsules are strongly corre-
lated. However, temperature is not always a good predic-
tor of yield if there are strong residual kinetic motions in
the capsules as shown in Fig. 11 and 12; 2) the correlation
between yield and peak implosion velocity is weaker than
expected, which is likely due to the existence of a velocity
“cliff” where the yield drops off dramatically when there
is too little mass remaining in the ablator, causing the
shell to break up and increases the mix of material into
the hot fuel; 3) deep neural network algorithms, such as
DNN and DJINN, outperform machine learning regres-
sion methods on different domain variables and data sets,
which can be explained by the goodness of the power
law fitting in Fig. 1 compared with the power law fit-
ting in Fig. 2; 4) GPz does not outperform overall, but
gives the notable best predictions for relatively low and
high yield capsules in both groups. 5) other regression
methods (k-NNR, SVR) are either not robust or stable in
accuracy; and 6) physics guidance learning improves the
predictions when a system has a limited quantity of data.
In addition, physics informed machine learning is one of
the keys for construction and learning from data-driven
models, since the “black box” use of ML often leads to
false discoveries in scientific applications. For example,
if we had not divided the experimental data into two
groups, we would be inconsistent in our predictions for
the total data set as presented in Fig. 9. This shows the
unique advantage of using fundamental physical princi-
ples combined with data science to inform the search for
a physically meaningful and accurate ML model.

V. FUTURE WORK

In physical point of view, the pusher adiabat is an es-
sential parameter in the energy partition between the
hot spot and the pusher shell of the capsules during im-
plosion. Taking into account the effects of the pusher
adiabat on implosion and the TN burn of the capsule is
very important. Thus adding the pusher adiabat as an
additional input parameter in machine learning method
would be an important improvement of the current work.
However, issue is the pusher adiabat is not measured
directly; therefore, calibrated simulations or a “proxy”
measurement, such as a physically understood DSR and
mass remaining will be needed to create such a plot.

Finally, the current NIF DT ice layer experimental
dataset is still very small, so further increasing the
amount of experimental data or calibrated simulation
data would improve our prediction results. Also explor-
ing the accuracy of the DT ion temperature affected by
the mass flows in the hot spot due to low-mode asymme-
tries and the compressibility of the capsule versus preheat
and high mode mix would increase the predictive capabil-
ity of the methods. Furthermore, quantifying the uncer-



AlP

Publishing

tainties of predictions of the machine learning methods
associated with limited training data is another impor-
tant and necessary task in future studies.
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