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Three-dimensional (3D) asymmetries and their associated residual kinetic energy (RKE) are a major
performance-degradation mechanism in inertial-confinement fusion (ICF) implosions at the National Igni-
tion Facility (NIF). These asymmetries can be diagnosed with the three neutron imaging systems fielded with
orthogonal views to the implosion, as well as a suite of real-time neutron activation diagnostics (RTNADs)
and neutron spectrometers. Conventional tomographic reconstructions are typically used to reconstruct the
3D morphology of the hot-spot and surrounding dense fuel in an implosion using neutron images, but the
reconstruction problem is ill-posed with only three imaging lines of sight. In this work, a 3D reconstruction
technique has been developed and used to overcome these limitations by combining information from the
neutron images, RTNAD data, and neutron spectra to infer RKE. Markov chain Monte Carlo is used along
with a group of neural networks to fit a physics model to the observed data to robustly reconstruct the 3D
morphology of the hot-spot and dense fuel in a NIF implosion. Bayesian statistics provides quantification of
the uncertainty in the inference. Initial inferences find that the normalized RKE on several NIF experiments
is between 2 and 5% of the total implosion energy, and is inversely related to the yield of an implosion, as
expected. This technique is being developed to help guide designs toward minimizing asymmetries in ICF
implosions and achieving higher performance.

I. INTRODUCTION

In an inertial confinement fusion (ICF) experiment at
the National Ignition Facility (NIF), a 2 MJ laser irradi-
ates the inside of a gold cylinder called a hohlraum to gen-
erate x-rays that spherically compress a capsule of deu-
terium–tritium (DT) fuel suspended inside it. The im-
plosion of the capsule generates an extremely hot plasma
in which fusion reactions take place. The implosion at
the time of minimum volume can be divided into a cen-
tral hot-spot and a surrounding dense fuel-shell. In an
ideal implosion, the hot-spot reaches high enough tem-
peratures and densities for a thermonuclear reaction to
ignite and propagate into the surrounding dense fuel –
this is called ignition.1 In reality, ignition is often pre-
vented by a number of degradation mechanisms.

One of the most significant degradations is 3D asym-
metries. While an ideal ICF implosion is perfectly spher-
ical, in reality, small perturbations are always present in
the capsule and drive that grow into large 3D asymme-
tries and flows in the shell at the time of minimum vol-
ume. The kinetic energy associated with these flows is
called residual kinetic energy (RKE) because it remains
in the shell instead of being converted to heat energy in
the hot-spot. RKE has a major impact on the perfor-
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mance of ICF implosions2 but cannot be directly mea-
sured. Thus, new diagnostic techniques are needed to
better understand asymmetries and RKE so that they
can be addressed and implosion performance can be im-
proved.
At the NIF, asymmetries are diagnosed by a variety of

imagers, including three neutron imaging systems. Two
of the neutron imaging systems are time gated to provide
both an image of neutron emission above 13 MeV (the
primary neutrons that exit the implosion at their birth
energy without scattering) and an image of neutron emis-
sion between 6 MeV and 12 MeV (the down-scattered
neutrons that lose energy colliding with fuel nuclei before
exiting the implosion).3,4 The primary neutron images
are used to infer the morphology of the hot-spot, and the
down-scattered neutron images are combined with the
primary neutron images in a process known as fluence-
compensation to infer the morphology of the surrounding
dense fuel.5

Traditionally, these images alone are used to in-
fer the 3D shape of the implosion using tomographic
reconstruction.6 However, because there are only three
available primary neutron images and two available
down-scattered neutron images, the amount of available
information is limited. Tomographic reconstruction with
only two or three lines of sight is severely ill-posed, and
can produce implausible and inaccurate results unless the
implosion is assumed to have some symmetry.7 In ad-
dition, because neutron images contain no temporal in-
formation, tomographic reconstructions can only recon-
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struct the shape of the shell, not its velocity distribution
or RKE.

Asymmetries are also diagnosed by a variety of instru-
ments that are not imagers. One is the real-time neutron
activation detector (RTNAD) array.8 The RTNADs com-
prise 48 zirconium pucks around the NIF target chamber
that each measure the primary neutron yield. Because
the primary neutron yield is attenuated by the dense fuel,
variations among the RTNADs are indicative of dense
fuel asymmetries. By making assumptions about the
dense fuel shape, low-mode (mode-1 and mode-2) asym-
metries can be inferred from the RTNAD data.

Another diagnostic is the suite of neutron time-of-flight
spectrometers.9 Each spectrometer measures the mean
energy of the primary neutrons, which is Doppler-shifted
according to the mean velocity of the hot-spot relative
to the spectrometer’s line of sight. By combining mea-
surements from seven spectrometers around the target
chamber, the velocity vector v⃗HS can be reconstructed in
3D. This velocity vector is closely coupled to the mode-1
asymmetry in the implosion. In addition, each spectrom-
eter measures the down-scatter ratio (DSR) – the ratio of
neutron yield in the energy range 10–12 MeV to neutron
yield in the energy range 13–15 MeV – which is propor-
tional to areal density. This provides a measure of the
implosion’s overall areal density.

Each of these diagnostics probes the shape of the hot-
spot and surrounding dense fuel, and each is routinely
used in isolation to infer the mode and magnitude of
3D asymmetries in NIF implosions.10,11 However, these
inferences are often inconsistent with each other. This is
because when analyzed individually, each only samples
part of the implosion, and thus only sees a subset of the
possible asymmetry modes.

This is compounded by the fact that all of these di-
agnostics only probe the shape of the implosion around
bang-time (the time of peak neutron emission rate). This
is problematic when trying to infer the amount of RKE
at the time of minimum volume. Bang-time can occur
hundreds of picoseconds after minimum-volume, and dur-
ing that time the outward acceleration of the shell both
amplifies asymmetries and increases the total amount of
kinetic energy – some of this added energy is associated
with asymmetric modes and some is not. This is illus-
trated by the simulation shown in Figure 1, which shows
a simulation (using the model described in Section II)
where the kinetic energy (as a percentage of the total
implosion energy) rises from 1.9% at minimum-volume
to 10.5% at bang-time. Thus, analyses that depend on
measurements of the areal density distribution at bang-
time may provide inaccurate results when inferring the
RKE at minimum-volume. These errors are difficult to
quantify without detailed modeling.

A methodology based on neural networks and a physics
model was recently developed by Kunimune et al. to
combine information from primary neutron images and
the neutron spectrometers to provide a complete self-
consistent 3D reconstruction of the implosion.12 This

FIG. 1. The evolution of the shell kinetic energy in a sim-
ulated implosion with a yield of 9 × 1016 neutrons. RKE
is defined as the minimum value of kinetic energy, which –
for this simulation – occurs when the volume is at its small-
est. Because of alpha-heating, the burn rate does not peak
until tens of picoseconds later, at bang-time, at which point
outward acceleration has increased the kinetic energy in the
shell substantially. This simulation assumes the thickness of
the shell is constant, and so does not account for the nonzero
kinetic energy associated with compression and shock propa-
gation within the shell.

methodology proved capable of accurately reconstruct-
ing hot-spot shape parameters from synthetic data. How-
ever, it did not work for experimental data. Furthermore,
the reconstructions it produced did not have uncertainty
quantification, making it impossible to know how unique
or trustworthy the found solutions were. Uncertainty
quantification is especially important for 3D reconstruc-
tions based on limited amounts of data, as the problem
is heavily ill-posed. While the use of a physics model to
constrain the results improves the situation, there may
still be a wide range of morphologies that match the data.

A new methodology, building off of the work by Ku-
nimune et al., has therefore been developed to overcome
these challenges and robustly diagnose the 3D morphol-
ogy and RKE of an implosion at the time of minimum
volume. This methodology combines information avail-
able from the imagers, the RTNADs, and the neutron
spectrometers, and connects it to the implosion dynam-
ics using a simple physics model. It uses Bayesian statis-
tics to perform uncertainty quantification, validating the
uniqueness of the solutions and ensuring inferences based
on this technique are robust even when the amount of
available data is limited.

This methodology is based on a forward fit. Forward
fitting is a technique commonly used to infer unknown
parameters from data. The general process, depicted in
Figure 2, is as follows. First some experimental data
is collected (in this work, the data comprises neutron
images, RTNAD data, and the spectrometer-measured
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FIG. 2. The forward-fitting process, shown in broad strokes.
It starts with the collection of some experimental data. Some
input parameters are chosen by guessing, and fed into a
physics model to obtain synthetic data. The synthetic data is
compared to the observed data, and the differences between
them inform an update to the input parameters. The input
parameters are thus iteratively adjusted until the synthetic
data matches the observed data. Neural networks are used to
speed up the model evaluations.

yield, DSR, and v⃗HS). Then a physics model is used,
with arbitrarily chosen input parameters, to generate
synthetic data of the same type. The synthetic data is
compared to the observed data, and the input parameters
are iteratively tuned to improve the agreement between
them until they match. The optimal input parameters
thus obtained can then be used with the physics model
to calculate any desired information about the best fit to
the experiment.

This methodology is quite general and can be used to
fit a morphology to any set of data, given an appropri-
ate choice of model, an appropriate way to quantify the
discrepancy between synthetic and observed data, and
an appropriate method of tuning the parameters. Sec-
tion II of this paper will discuss the model that has been
chosen for this work, the so-called rocket-piston descrip-
tion of an implosion. Section III will discuss the appli-
cation of Bayesian statistics to quantify the discrepancy
and the use of Markov chain Monte Carlo to tune the
input parameters. Section IV will discuss the use of a
neural-network based surrogate model to speed up the
calculation. Section V will demonstrate the methodology
applied to synthetic and experimental NIF data. Finally,
Section VI will discuss future work, and Section VII will
conclude.

II. ROCKET-PISTON MODEL

A simplified multi-rocket-piston model is used for the
forward fit. It represents the implosion as a set of massive
pistons around a hot-spot, as depicted in Figure 3. The
pistons are initially accelerated radially inward by the
ablation pressure, and then after peak compression are
accelerated radially outward by the hot-spot pressure.13

FIG. 3. The rocket-piston model of an implosion.13 The hot-
spot (orange) is assumed to be isobaric and have negligible
mass. The pistons (red) have mass and are initially acceler-
ated radially inward and after peak compression outward by
the outer ablation pressure and the hot-spot pressure, respec-
tively.

In this model, the radiation temperature and power in-
side the hohlraum is determined by the hohlraum model
given by Callahan et al.,14 and this is converted to a
mass ablation rate using the empirical scalings found by
Olsen et al.15 A 16×32 spherical grid of pistons is initial-
ized at the nominal capsule radius, and each is left free
to move radially under the influence of the external ab-
lation pressure and internal hot-spot pressure while the
carbon mass in each piston decreases due to the ablation,
as described by models by Hurricane et al.10,11. The hot-
spot, defined as the volume contained within the pistons,
has two state variables – pressure and central tempera-
ture, or equivalently, total energy and total mass – which
evolve according to the dynamic power balance model
developed by Springer et al.16 with one simplification:
rather than modeling the propagation of shocks through
the shell, the shell in each piston is treated as rigid, and
a constant multiplier is applied to the shell mass to ac-
count for the fact that, during deceleration, only part of
it has been shocked and thus only part of it can affect
the stagnation of the hot-spot.
Asymmetries are seeded by initializing each piston

with a slightly different mass. Specifically, the mass of
carbon and dense fuel in the ith piston is set to

mC,i =
1

n
MC

(
1 +

5∑
l=1

l∑
m=−l

al,mY m
l (θi, ϕi)

)
(1)

mDT,i =
1

n
MDT

(
1 +

5∑
l=1

l∑
m=−l

al,mY m
l (θi, ϕi)

)
(2)

where n is the number of pistons, MC is the nominal total
ablator mass, MDT is the nominal total DT ice mass,
al,m is a perturbation coefficient for the 〈l, m〉 mode, and
Y m
l (θ, ϕ) is a spherical harmonic function. Typically only

modes with l ≤ 5 are used, but theoretically infinitely
many modes may be included, as long as the number of
pistons is increased accordingly.
The rocket-piston model is simple and can thus be ex-
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ecuted relatively quickly – a single execution takes only
a few seconds. However, the simplicity of this model also
means that it is not as accurate as full hydrodynamic
simulations with codes like HYDRA.17 Several adjust-
ments must be made to capture some of the finer points
of the implosion dynamics. For example, the radiation
temperature must be adjusted to tune the amount of
ablator that remains unablated at bang-time, because
the ablation rates that one obtains by naively fitting the
hohlraum model to observed x-ray spectra tend to under-
predict the actual amount of ablation, and the unphysi-
cally high shell mass can make the power balance equa-
tions unphysically stiff. Similarly, a multiplier must be
applied to the alpha-heating term in the power balance
equations to mimic the collective effect of degradation
mechanisms that are not modeled, like mix between the
ablator and fuel.

In addition, an ad-hoc non-radial flow term must be
added to mimic a phenomenon that is often observed
in the implosions where, due to the swings in the drive
asymmetry over the course of the implosion, shell mass
gets concentrated at the poles of the implosion.18 The
non-radial flow term siphons fuel mass from equatorial
pistons to polar pistons to mimic this; the rate at which
this happens is treated as a tuning parameter.

The model outputs are the pistons’ masses mDT and
mC, the pistons’ radii R, and the hot-spot’s mass and
energy (or, equivalently, central ion temperature Ti,0 and
pressure p) at every time-step. With this model, syn-
thetic data is generated and used for comparison to the
experimental results.13 Yield is derived from the hot-spot
conditions integrated in time; hot-spot velocity is derived
by differentiating the hot-spot centroid in time; and the
neutron images, RTNAD skymap, and DSR skymap are
calculated by converting the piston geometry to a 3D
voxel grid of temperatures and densities and then per-
forming line-integrals as described by Kunimune et al.19

The synthetic neutron images are of higher quality
than is typically obtained from experimental data, and
must be modified to be directly comparable to it. To ac-
count for the fact that the neutron imaging systems only
register their images relative to each other (they don’t
absolutely register them to the target chamber center),
the images on each line of sight are translated to put
the primary neutron image’s center of mass at the center
of the image domain. Further, to mimic the finite res-
olution of the imaging systems, all synthetic images are
degraded by an ideal spatial low-pass filter. This is equiv-
alent to blurring each image with the convolution kernel
P (r) ∝ J1(kr)/r,

20 where J1(x) is a Bessel function of
the first kind. The scale factor k of the convolution de-
pends on the neutron yield, and is treated as a tuning
parameter.

It is important to note that while the neutron imaging
hardware has a point-spread function associated with it,
this low-pass filter is distinct from that. Unlike the in-
strument’s point-spread function, which is quite complex
and lacks translational symmetry,21 the low-pass filter is

50 μm
(a)

(b)

FIG. 4. Example 3D morphology and neutron images gener-
ated by the rocket-piston model. (a) The red regions are the
shell, and the orange regions are the hot-spot, color-coded
by ion temperature. (b) Four synthetic primary and down-
scattered neutron images, generated by the implosion shown
in a., generated along two different lines of sight.

only a slight blur that approximates the combined effect
of the instrument’s point-spread function and the decon-
volution algorithm that recovers the neutron source from
the measured image.
Examples of the degraded synthetic neutron images

generated by the rocket-piston model are shown in Fig-
ure 4.

III. FITTING WITH MARKOV CHAIN MONTE CARLO

Given the significant possibility that there are multiple
morphologies that match the data, a rigorous approach
such as Bayesian analysis must be applied. In Bayesian
analysis, it is assumed that, because of noise and uncer-
tainty in the measurements, the correct answer cannot
be exactly determined. Therefore, instead of finding a
single answer, we seek to find a distribution.
Bayes’s theorem is used to quantify the a posteriori

probability density p(x|d) that a given set of inputs is
correct:

p(x|d) ∝ p(x) · p(d|x) (3)

In this context, x represents the input parameters to the
rocket-piston model, and d represents the observed data.
The likelihood p(d|x) can be thought of as a measure of
fit quality, much like a χ2 metric; while the a priori prob-
ability density p(x) can be thought of as a regularization
term.
The prior input distribution p(x) is set to a multivari-

ate truncated normal distribution.

p(x) ∝
∏
j

{
exp
(
− (xj−µj)

2

2σ2
j

)
if x−

j ≤ xj ≤ x+
j

0 if xj < x−
j or xj > x+

j

(4)

Here, xj is the jth input parameter, and µj , σj , x
−
j ,

and x+
j are the mean, standard deviation, lower bound,
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TABLE I. The input parameters for the prior probability dis-
tribution used in the rocket-piston model. These parameters
are used in Equation 4. Note that there are 23 different 〈l, m〉
pairs, resulting in 29 input parameters in total.

Input parameter Parts µ σ x− x+

Initial pressure (kbar) 1 150 ±50 0 ∞
〈l, m〉 mass perturbation 23 0 ±0.02

2l+1
−0.10
2l+1

0.10
2l+1

Alpha heating multiplier 1 1.00 ±0.15 0 ∞
Shocked mass fraction 1 0.60 ±0.05 0.45 0.75

Non-radial flow term 1 0.16 ±0.08 -1.00 1.00

Dense fuel adiabat 1 3.8 ±0.6 1.5 10.0

Image blur width (µm) 1 12 ±4 3 100

and upper bound of its prior distribution, respectively. It
was found that 29 input parameters were needed to access
the range of morphologies seen in experiments; the full
list of variable parameters, along with their distribution
parameters, is shown in Table I. The prior distributions,
for the most part, are chosen based on physical intuition
and are much broader than the posterior distributions,
indicating that they do not significantly influence the re-
sult. The exception is the shocked mass fraction, which
has strict limits based on physics constraints, and the
high-mode-number mass perturbations, which must be
limited to prevent the algorithm from straying into ex-
treme shapes that the model cannot handle (the rocket-
piston model becomes non-physical when asymmetries
become so strong that the shell passes through the ori-
gin).

Note that the shape perturbations are restricted to 23
modes: all fifteen modes with 1 ≤ l ≤ 3 and −l ≤ m ≤ l,
plus 〈4, 0〉, 〈4, ±4〉, 〈5, 0〉, 〈5, ±4〉, and 〈5, ±5〉. These
are the modes that are expected to be seeded by features
of the capsule and drive. All inputs not listed in Table I
– including the capsule dimensions, the initial hot-spot
density, and the drive strength multiplier – are assigned a
reasonable arbitrary value and treated as fixed through-
out the fitting process. Limiting the number of input
dimensions like this makes the sampling faster and more
effective.

To calculate the likelihood, the synthetic data outputs
and observed data outputs must be arranged into two
vectors that can be easily compared. The images are each
cropped to a 240 µm × 240 µm square, sampled to a pixel
size of 7.5 µm, and then flattened into 1024 individual
pixel values. The array of RTNAD data is normalized to
its mean and then fit to a linear combination of spherical
harmonic functions with l ≤ 2; those fit coefficients are
put in the output vector. The total number of elements in
the output vector varies from shot to shot, as some shots
have more data associated with them than others, but a
typical output vector has 3085 components, enumerated
in Table II. The model itself is treated as a function f(x)
that takes a vector in the 29-dimensional input space and
generates a vector in the 3085-dimensional output space.

The likelihood of the data p(d|x) is then calculated as

TABLE II. The composition of a typical 3085-vector output
by the rocket-piston model, used to calculate the likelihood of
the data. Some shots may have more output data, and others
may have less.

Output datum Parts

Logarithm of yield 1

Down-scatter ratio 1

Hot-spot velocity vector 3

RTNAD spherical harmonic fit 8

Primary neutron image 1 1024

Primary neutron image 2 1024

Down-scattered neutron image 1024

another multivariate normal distribution.

p(d|x) ∝
∏
k

exp

(
− (dk − fk(x))

2

2ϵ2k

)
(5)

Here, dk is the kth observed output, and fk(x) is the
corresponding synthetic output based on the input vector
x. ϵk is the standard error on that measurement. For im-
age pixels, which do not have errors reported with them,
ϵk is set to the mean image value, as this was found to
result in the images being weighted about the same as
the scalars by the algorithm.
To find a plausible solution, the Adam algorithm,22

a gradient-based optimizer, is first used to find the x
that maximizes p(x|d). The Hamiltonian Monte Carlo
algorithm,23 a Markov chain Monte Carlo sampler, is
subsequently used to sample the posterior probability dis-
tribution. The variation among the obtained samples is
used to quantify uncertainty in the inferred values. Be-
cause p(x|d) is complicated and may have multiple local
maxima, the replica exchange technique24 is used to en-
sure that the sampling is thorough and accurate. This
builds off of code originally written by Mike Jones and
Jim Gaffney, which uses the implementations of these
algorithms included in TensorFlow Probability.25

IV. ACCELERATION WITH MACHINE LEARNING

In practice, the sampling cannot be performed using
the rocket-piston model directly. This is because ob-
taining a good characterization of the posterior proba-
bility distribution requires thousands of samples, and the
Hamiltonian Monte Carlo algorithm requires tens of eval-
uations of ∇p(x|d) for each sample. Evaluating p(x|d)
requires the evaluation of f(x), which takes multiple sec-
onds, and evaluating ∇p(x|d) with the method of finite
differences requires evaluating p(x|d) thirty times. As
a result, obtaining a fit with uncertainty quantification
for a single set of data would take months of computa-
tion. If f(x) can be automatically differentiated, then the
method of finite differences can be foregone, but a single
fit would still take over a week.
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Thus, the viability of this technique hinges on a way
to map the input parameters to synthetic data generated
by the rocket-piston model quickly – ideally in a differ-
entiable fashion. Such a way exists in neural networks.
Specifically, neural networks can be used to build a surro-
gate model – a mathematical function that provides the
same input-to-data mapping as the rocket-piston model
but is faster by orders of magnitude.

To train a surrogate model, a training dataset – many
sets of synthetic data generated by the rocket-piston
model along with the corresponding sets of input param-
eters – is first needed. This dataset is built by execut-
ing the rocket-piston model two hundred thousand times
with different combinations of input parameters. Each
input parameter is drawn from a normal distribution for
each simulation.

100 μm

FIG. 5. Sixteen primary neutron images from an equatorial
line of sight, randomly selected from the training dataset.
Each is produced by the rocket-piston model run on a random
set of input parameters. There are two hundred thousand
such sets of images in total.

Figure 5 shows a few primary neutron images extracted
from such a dataset. The spatial low-pass filter is not
applied to these images, as that step is already fast and
differentiable, and thus does not need to be folded into
the surrogate model.

The surrogate model itself is based on the manifold-
and cyclically-consistent architecture that was proposed
by Anirudh et al.26 and that was implemented in Tensor-
Flow 2 with the extensibility to an arbitrary number of
image modalities by Kustowski et al.27 This architecture
comprises two parts.

The first part is an autoencoder that maps all of the
synthetic data into a 60-dimensional latent space. It com-

prises two neural networks: one that combines images
and scalars into a latent space vector, and another that
converts a latent space vector into images and scalars.
These are trained together to maximize cyclic consistency
between the two, and in the process defines a latent space
that encodes the data.
Next, a pair of neural networks are trained to map in-

put parameters to points in the latent space and back.
These are trained to maximize both consistency with
the rocket-piston-derived training data and cyclic con-
sistency with each other.
A comparison between the data from the surrogate

model and data from the rocket-piston model is shown
in Figure 6. The surrogate model produces almost the
same outputs as the rocket-piston model when given the
same input parameters.
Deviations from a perfect match are caused by the

limited size of the latent space, the limited size of the
neural networks, the limited number of training data,
and the limited number of training iterations. Increasing
the size of the latent space and networks would improve
the quality of the match during training, but increase
the risk of over-fitting, resulting in the wrong answer for
some inputs. Increasing the number of training data and
training iterations would also increase the quality of the
match but also increase the amount of computing re-
sources needed to train the surrogate model.
As the surrogate model takes orders of magnitude less

time to execute than the rocket-piston model and is au-
tomatically differentiable, the sampling process becomes
tractable. Using the surrogate model to evaluate f(x),
instead of the rocket-piston model, speeds up the evalu-
ation of p(x|d) such that drawing 70 000 samples takes
just 19 minutes on a single GPU. The first 20 000 of those
samples are discarded to give the sampler time to reach
the equilibrium distribution, leaving 50 000 samples from
the posterior distribution. Because neural networks can
be unreliable, thirty samples are then randomly drawn
from those 50 000 and fed into the rocket-piston model
to check the accuracy of the surrogate model.
In practice, naively training on every sample obtained

with the above methodology would be inefficient, as the
majority of simulations have either very low yields or very
high yields. Training on this bimodal distribution would
result in a surrogate model that is faithful to the rocket-
piston model for sub-ignition shots and for super-ignition
shots, but not for shots on the ignition cliff – right where
the physics is the most complex and the most interesting.
Thus, it is important to concentrate training samples in
the areas of parameter space that are the most relevant.
This is done in two ways.
The simplest way is to discard samples with a proba-

bility

p = 1− exp

(
−
(
17.75− log10 Yn

0.625

)2

−
(
2.75%−DSR

0.875%

)2
)

(6)

where Yn is the simulated neutron yield and DSR is the
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FIG. 6. Surrogate outputs versus the rocket-piston-model outputs for multiple sets of inputs. (top) Each plot represents a
single scalar. Blue points were used to train the surrogate model while red points were set aside during the training process
for testing. (bottom) The rocket-piston outputs in the form of equatorial primary neutron images (top row) contrasted with
the surrogate outputs (bottom row). All of the shown samples were set aside during the training process for testing.

down-scatter ratio. This rejects more than half of the
generated samples, concentrating the dataset on inter-
mediate yields. If a surrogate model has already been
trained, it can be used to calculate the rejection prob-
ability before running each simulation, thus rejecting
uninteresting input parameter vectors before any time
is wasted running them. Thus, the usual workflow for
building a new surrogate model has four steps: generate
a small dataset, use it to train a surrogate model that
only predicts yield, generate a large dataset while using
that surrogate model to filter out points with uninter-
esting yields, and then use the larger dataset to train a
better surrogate model that predicts all outputs.

For particularly challenging reconstructions, an alter-
native sampling technique is to use a previous surrogate
model and the fitting method described in Section III to
choose new samples. Because Markov chain Monte Carlo
is designed to find points that are close to the experimen-
tal data, the output represents points that are especially
useful for training. Thus, this workflow has five steps:
generate a dataset, use it to train a surrogate model, use
Markov chain Monte Carlo to sample the posterior using
that surrogate model, augment the dataset with points
from the Markov chain, then use the larger dataset to
train a better surrogate model. This technique is only
useful if the original fit is flawed (see Section VC for
examples of how this can happen).

V. RESULTS

A. Application to synthetic data

To illustrate how this methodology works, it is applied
to some synthetic data. A random rocket-piston simula-
tion was used to generate synthetic data, including yield,
DSR, v⃗HS, 48 RTNAD values, two primary neutron im-
ages, and one down-scattered neutron image. Arbitrary
uncertainties were assigned to each datum based on their
typical uncertainties in experimental data, and the algo-
rithm described in Section III was used to infer the un-
derlying input parameters of the model and morphology
of the implosion. Since these synthetic data were gener-
ated by the very same rocket-piston model being used in
the fit, a more or less perfect match should be obtained.

Figure 7 summarizes the results. Note that, while the
surrogate model was used to identify the most proba-
ble set of input parameters, all reconstructed quantities
shown here are based on the rocket-piston model. Fig-
ure 7a shows the simulated morphology used to generate
the data beside the reconstructed morphology. Figure 7b
shows a comparison of the original scalar data that were
used as the observation for the fit contrasted with the
reconstructed scalar data. Some discrepancies – for ex-
ample, the fact that the reconstructed x-component of
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Ground truth

Reconstruction

Primary, view 1

Primary, view 1

Flu. comp., view 1

Flu. comp., view 1 Primary, view 2

Primary, view 2

Reconstruction

Ground truth

FIG. 7. Comparison of a rocket-piston simulation and synthetic data with the reconstructed simulation and data. (a) The true
versus reconstructed 3D morphology of the hot-spot and dense fuel. They are indistinguishable to the eye. (b) Comparisons of
true and reconstructed scalar data. All match closely except the x-component of velocity. (c) Comparisons of true (top) and
reconstructed (bottom) images and RTNAD sky-maps. Each image displays its 17%, 50%, and 83% contours (the width of the
reconstructed contour illustrates the fit’s uncertainty). They also agree very well.

v⃗HS is too small – arise due to the imperfect nature of
the surrogate model. However, the key parameters of the
implosion – the yield and DSR – are nearly exactly re-
produced by the rocket-piston model. Figure 7c shows
comparisons of the equatorial primary neutron image,
the equatorial fluence-compensated down-scattered neu-
tron image, the polar primary neutron image, and the
normalized RTNAD sky-map between the original syn-
thetic data and the reconstructed synthetic data. Again,

the fit between the synthetic measurement and the re-
construction is very good, as expected, indicating that
this methodology is working correctly.
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(a)

(b)

(c)

Primary, view 1 Flu. comp., view 1 Primary, view 2

Primary, view 1 Flu. comp., view 1 Primary, view 2

FIG. 8. Comparison of experimental data from June 28, 2024, with the reconstructed morphology and data. (a) The recon-
structed 3D morphology of the hot-spot and dense fuel. (b) Comparisons of measured and reconstructed scalar data. The
X marks the solution that maximizes p(x|d), the horizontal error bars are the reported error of the measurement, and the
vertical error bars represent the root-mean-square spread in the posterior in each direction. All are decently matched except
the x-component of v⃗HS. (c) Comparisons of measured (top) and reconstructed (bottom) images and RTNAD sky-maps. Each
image displays its 17%, 50%, and 83% contours (the width of the reconstructed contour illustrates the fit’s uncertainty). The
reconstructions are somewhat more symmetric than the data, but the overall structure of the images is well reconstructed.

B. Application to experimental data

Let’s explore a more scientifically interesting case – real
experimental data. The shot in question is the DT implo-
sion carried out at NIF on June 28, 2024. This implosion
produced 6 × 1017 neutrons (1.8 MJ), and had a target
gain of about 0.8. The available data, shown in Figure 8,

includes the yield, the DSR, v⃗HS, 27 RTNAD values, two
primary neutron images, and one down-scattered neutron
image.

In this case, a perfect fit to the data is not expected,
and thus the uncertainty quantification is more impor-
tant. Figure 8a shows the highest-posterior morphology
for the implosion given all the observed data. The corre-
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sponding synthetic scalar data are compared to the ob-
servations in Figure 8b, and the synthetic images and
RTNAD sky-map are compared to the observations in
Figure 8c.

Several features of the data are missing or distorted in
the reconstruction. Notably, the reconstructed fluence-
compensated down-scattered neutron image has a weaker
left-right asymmetry than the observed image, the re-
constructed primary neutron images have more traces of
mid-mode asymmetry, the reconstructed RTNAD sky-
map shows less overall asymmetry (the asymmetry in
the data may be overestimated due to the large amount
of random scatter in the RTNAD data on this shot),
the reconstructed x-component of the hot-spot velocity
is higher, and the observed z-component of v⃗HS is only
recovered in some of the reconstructions (indicated by
the vertical error bars in Figure 8.b). However, overall,
the observations are reproduced quite well by the rocket-
piston simulations. The reconstruction closely matches
the yield and DSR, the direction of v⃗HS, the low-mode
asymmetries in the primary neutron images, and the
bright caps in the fluence-compensated down-scattered
neutron image. Overall, the fact that the reconstruction
reproduces the broad features of the data gives confidence
that this is a useful, though not perfect, representation
of the actual implosion.

C. Quantifying goodness of fit

To more quantitatively assess the accuracy of the re-
construction, we calculate the normalized quadratic sum
of residuals χ2/n:

χ2/n =
1

n

n∑
k=1

(dk − fk(x
∗))

2

ϵ2k
(7)

Here, f(x) represents the rocket-piston model, and x∗

is highest-posterior input vector found by Markov chain
Monte Carlo. The sum must only be carried out over
the first n components of f(x) that relate to scalars,
vectors, and spherical harmonic fits, excluding images
(in the case of the typical vector described in Table II,
n = 13). This is because the way the image uncertainty
has been treated – as an independent Gaussian process
on each pixel – is inaccurate. The errors of adjacent
pixels are actually strongly positively correlated. This
is not a problem in the fitting because the value of ϵk
for each pixel can be tuned to compensate for this, such
that the reconstructed image error is comparable to the
reconstructed scalar error. However, this tuning does not
preserve the statistical meaning of χ2/n. Thus, without a
more complex understanding of the image uncertainties,
this statistical test is only valid for scalars and RTNAD
modes.

Nevertheless, the 13 non-image outputs provide a
sound basis for assessing the fit quality. If x∗ accurately

TABLE III. χ2/n statistics for reconstructions of three exper-
iments: the simulated one shown in Figure 7, the 2024 one
shown in Figure 8, and the 2022 one shown in Figure 9. The
top row represents the actual amount of error, and the differ-
ence between the two rows estimates the amount of error in
the surrogate model.

Simulated 2024-06-28 2022-09-19

Rocket-piston χ2/n 8.63 22.27 23.46

Surrogate χ̃2/n 0.54 9.69 3.67

Difference 8.09 12.58 19.79

represents the implosion and Equation 5 accurately de-
scribes the likelihood of any given measurement error,
then χ2/n should be about 1. In reality, for the example
shown in Figure 8, χ2/n = 22.3. This large value in-
dicates statistically significant discrepancies between the
best fit and the data. These can be attributed to two
main sources.

The first source of error is deviation of the surrogate
model from the rocket-piston model. While the surrogate
model matches the rocket-piston model well over most of
parameter space, large deviations in small parts of pa-
rameter space can cause large discrepancies between the
reconstructed synthetic data and reality. This can be
quantified by using the surrogate model to calculate the
residuals instead of the rocket-piston model. For the ex-
ample in Figure 8, this is χ̃2/n = 9.7. The difference
between this and the true χ2/n provides a good estimate
of the amount of error in the surrogate model. For this
shot, the difference is 12.6, which indicates that account-
ing for errors in the surrogate model increased the error
by 12.6 (more than the amount of error present in the
fit itself). Improving the surrogate model (by increasing
the size of the networks, increasing the amount of train-
ing data, or increasing the number of training iterations)
would reduce this difference, and thus possibly reduce
the actual error.

The other source of error is limitations in the model.
With only 29 input parameters and several strong physics
assumptions, the rocket-piston model can only get so
close to the true implosion morphology. This component
of the error could be reduced by increasing the number
of free input parameters, though this would also increase
the amount of computational resources needed for the
sampling and increase the surrogate model error.

These statistics provide a useful way to compare dif-
ferent implosions and assess the success of the algorithm.
Table III shows χ2/n for reconstructions of three experi-
ments: the simulated one that is shown in Figure 7, and
the one from June 28, 2024, which is shown in Figure 8,
and one from September 4, 2022, which is shown in Fig-
ure 9. The latter reconstruction experienced a more se-
vere failing of the surrogate model, producing synthetic
images that look very different from the corresponding
experimental images.

The χ2/n statistics reflect this. The synthetic data re-
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Primary, view 1 Primary, view 2

Primary, view 1 Primary, view 2

FIG. 9. Comparison of one of the images from the exper-
iment of September 9, 2022, with the corresponding recon-
structed image. Due to large discrepancies between the surro-
gate model and rocket-piston model, the reconstruction looks
very different from the original data, indicating a failed fit.

construction has the lowest χ2/n, as it is the most accu-
rate fit. Error in the surrogate model brought χ̃2/n down
to 0.5 but raised the true χ2/n to 8.6. The 2024 recon-
struction, which was noticeably imperfect, has a higher
χ2/n at 22.3. Finally, the 2022 reconstruction, which
can be seen by eye to be the worst match of the three,
has the highest χ2/n of 24.5. The failure of the surro-
gate model played a large role in the 2022 reconstruction,
as is apparent from the fact that it has a bigger differ-
ence between χ2/n and χ̃2/n than either of the other
two. This demonstrates that χ2/n is an effective way
to compare the quality of reconstructions, but also indi-
cates that judging the synthetic data by eye is a good
way to approximately determine when the algorithm has
successfully found a good fit.

D. Inferred residual kinetic energy

At this point, the 3D density distribution of the shell
can be calculated. Once one has a rocket-piston simu-
lation that describes an implosion, it is straightforward
to calculate the areal density ρR of each piston at the
time of minimum volume. This allows the weighted har-
monic mean of the areal density, ρRWHM, to be calcu-
lated. When normalized to the arithmetic mean of the
areal density, ρRmean, this is a measure of 3D asymme-
try and is related to RKE.11 For the 2024 shot, the ratio
ρRWHM/ρRmean was found to be 95.06% ± 0.59%.

In addition to these averaged quantities, the areal den-
sity distribution can also be decomposed into spherical
harmonic modes. The resulting modal decomposition of
ρR is shown in Figure 10. This provides a quantitative

ρRWHM / ρRmean = 95.1% ± 0.6%

FIG. 10. The inferred perturbations from an isotropic areal
density distribution in the experiment of June 28, 2024. The
reciprocal of areal density in each piston is used to fit a sum of
spherical harmonic functions; each bar shows the magnitude
of one mode.

Σ nRKE = 02.5% ± 0.3%

FIG. 11. The inferred distribution of normalized residual ki-
netic energy in the experiment of June 28, 2024. The velocity
distribution of the shell is decomposed into spherical harmonic
functions; each bar shows the energy stored in one mode.

way to assess the impact of individual asymmetry modes.
In particular, it suggests that – in addition to mode 〈2, 0〉,
which is known to be prevalent and is always tuned for
new experiment designs – mode 〈3, 2〉 was especially im-
pactful in this particular implosion.
By examining the piston velocities rather than their

ρRs, one can also directly calculate RKE. The quantity of
interest is the total RKE at the time of minimum volume.
This quantity is divided by the peak kinetic energy dur-
ing the implosion, yielding the normalized RKE (nRKE).
On this shot, the nRKE was found to be 1.98% ± 0.45%.
Like ρR, this can be decomposed into individual

modes, as shown in Figure 11. This presentation tends
to emphasize the most significant modes – here, it es-
pecially highlights the importance of mode 〈3, 2〉, which
trapped about 1% of the total implosion energy in the
shell. While this may seem small, rocket-piston simula-
tions suggest that removing the 〈3, 2〉 perturbation would
have increased the yield by 53%. Work is in progress to
validate the importance of this mode in this experiment,
and determine what seeded this mode if so.
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FIG. 12. The relationship between total inferred nRKE, as a
percentage of the total implosion energy, and measured neu-
tron yield for four NIF experiments with the same laser con-
figuration.

This technique was applied to several of the high-yield
experiments performed at the NIF. In Figure 12, results
are illustrated for four experiments that used the same
2.05 MJ laser pulse. The inferred nRKE ranges from 2 to
5%. While the uncertainty in this inference varies greatly
due to the fact that some shots have more data than
others, there is a clear inverse correlation between the
inferred nRKE in an implosion and the measured yield,
as is expected from simulations and first principles. This
gives us confidence that the method is working correctly.
Future work will examine such trends in more detail to
obtain new insights about implosion design.

It is worth noting that these numbers are comparable
to those seen in 3D radiation–hydrodynamic simulations
by Nora et al. Burn-off simulations of high-yield NIF
implosions with experimentally typical mode-1 asymme-
tries exhibit nRKE up to about 2%, and simulations with
typical mode-2 asymmetries exhibit nRKE up to about
8%.28

VI. FUTURE WORK

This technique is in some respects more limited than
tomographic algorithms because the results are subject to
the constraints imposed by the model. In other respects,
it is far more general, as it can be used to combine all
kinds of data rather than being limited to just images of
a single type of radiation. And despite the constraints,
it is able to find good matches between synthetic and ex-
perimental data. However, there are certain experiments
where it fails to find good fits, so more work remains to
further assess the method’s robustness, and to apply it
to a wider range of NIF experiments. This will enable it
to extract new insights about the origins and role of 3D
asymmetries in implosion performance.

The main limitations of this technique are currently
the fidelity with which the rocket-piston model describes
physical reality, and the fidelity with which the surrogate
model imitates the rocket-piston model. Thus, modifica-
tions to this technique that address those limitations are
promising areas of future study that could provide more
accurate reconstructions for a wider diversity of shots.

The fidelity of the rocket-piston model can be improved
by incorporating additional physics that are currently ig-
nored, such as non-radial flows. Further work will be
spent on determining what physics are needed to ex-
plain all features observed in the data, and refining the
rocket-piston model to include them. Such refinement
will likely need to be done continuously as experiments
at the NIF achieve higher yields and push into new ex-
perimental regimes. More detailed comparisons of the
model to codes like HYDRA will be performed to guide
this effort.

The results of the surrogate model also occasionally
diverge significantly from the results of the rocket-piston
model. This can cause the sampling algorithm to think
that it has found a set of input parameters that fit the
data well, even though the synthetic data generated by
the rocket-piston model with those same inputs do not
match the data at all. This makes it very important that
the rocket-piston model be used to check the validity of
the solutions obtained with the surrogate model.

The fidelity of the surrogate model can be improved
in several ways. One is to increase the amount of train-
ing data and the number of training iterations used for
each neural network, though both would increase the
amount of computational resources needed to generate
the surrogate model. Another is increasing the num-
bers of nodes and layers in the surrogate model’s neural
networks, though this would also require more computa-
tional resources, and require more training data to avoid
over-fitting.

One method that could improve the surrogate model’s
fidelity without increasing computation times would be
to optimize the distribution of the training data in pa-
rameter space. The current method filters training sam-
ples by yield and DSR to concentrate points on the igni-
tion cliff, but does not manage the distribution of points
in any other dimensions. This can leave gaps in the train-
ing set, as seen in Figure 13. A more advanced sampling
algorithm, such as the Delaunay-triangulation-based al-
gorithm developed by Gaffney et al.,30 would calculate
the spacings of sampled points in all dimensions, iden-
tify gaps in the output space, and generate new train-
ing points in those gaps. Such an approach would yield
training datasets with broader and more even coverage
of the output space, which would yield surrogate models
that are more reliably faithful to the rocket-piston model
despite training on the same number of samples.

Another possibility is to remove the surrogate model
altogether. If the rocket-piston model could be rewrit-
ten in a way that is fast and automatically differentiable,
then it could be used in the sampling rather than the
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FIG. 13. Simulated yields versus DSR using the rocket-piston
model that have been used to train the surrogate model. A
red X marks the observed yield (1018 neutrons) and DSR
(2.8%) measured on the milestone experiment on December
4, 2022.29

surrogate model. This would reduce error in the recon-
struction and remove the need to spend time generating a
synthetic dataset or training the surrogate model. How-
ever, whether the rocket-piston model can be sped up
enough to make this approach viable is uncertain.

Future work will also include benchmarking the algo-
rithm to ensure its accuracy. To do this, we will run the
model on synthetic data generated by high-fidelity 3D
hydrodynamic simulations. The simulations will provide
a clear ground truth to compare the results to, to test
for systematic errors in the sampling algorithm. Using a
full hydrodynamic code to generate the data rather than
the rocket-piston model will also enable us to test for
systematic errors due to modeling assumptions.

As the limitations of this model are addressed and con-
fidence is built in its results, it will become possible to fit
the full range of DT experiments at NIF, which will make
it possible to study RKE and asymmetries more holisti-
cally than has been done in the past. Eventually, this
technique will be used to analyze every shot at the NIF
to guide efforts to correct for and eliminate asymmetries.

This technique will also be generalized to other ICF ap-
plications. While in many cases, it will not provide ben-
efits beyond what conventional analysis techniques can
do, it has great potential in any situation where multiple
diagnostics that probe related physics are used to ob-
tain different types of data (scalars, vectors, images, or
time-series) that cannot be combined using traditional
techniques. For example, gamma-ray3 and x-ray31 diag-
nostics can be used instead of or in addition to neutron
diagnostics. This should require little modification to
what is presented here—the step in the model that con-
verts the implosion morphology to synthetic data must
be altered such that it generates x-ray images instead
of neutron images. X-ray images would be generated
in much the same way primary neutron images are gen-

erated now, but with a different emission profile. This
framework will also be applied to future facilities, to de-
termine how much information will be available from the
planned suite of diagnostics and where those diagnostics
should be placed to maximize their utility.

VII. CONCLUSION

3D asymmetries are a major performance-degradation
mechanism in ICF implosions at the NIF. There is a large
amount of information available about these asymme-
tries from various diagnostics on multiple lines of sight,
but currently no method to integrate them into a single
self-consistent reconstruction. In particular, the neutron
imaging systems are used to reconstruct the 3D mor-
phology of the hot-spot and dense fuel of implosions at
the NIF. However, the reconstruction problem is ill-posed
with only three imaging lines of sight. The RTNADs and
neutron spectrometers are also used to reconstruct low-
mode asymmetries in the hot-spot and dense fuel, but
these reconstructions require assumptions about the im-
plosion symmetry and are not sensitive to higher-mode
asymmetries. Thus, it is desirable to combine informa-
tion from all three diagnostics in a mathematically rig-
orous way, and in a way that quantifies uncertainty.
To that end, a new methodology has been developed

that makes it possible to combine neutron images, RT-
NAD data, and neutron spectra to reconstruct the 3D
morphology of the hot-spot and surrounding dense shell
of a NIF implosion, and to infer the amount of RKE
contained therein. This algorithm uses a multi-rocket-
piston model as a basis to define the set of possible im-
plosions, and uses Markov chain Monte Carlo to find the
sets of model inputs that generate synthetic data con-
sistent with the observed experimental data. A neural-
network-based surrogate model is trained to mimic the
rocket-piston model and used in its stead during most of
this process to speed the sampling up by multiple orders
of magnitude.
The result is a 3D model of the implosion with uncer-

tainties quantified according to the amount and quality
of the data. The model has been tested on both syn-
thetic and experimental data, and provides good recon-
structions in both cases. The nRKE is inferred from these
reconstructions; it is fond to range from 2% to 5% in sev-
eral NIF experiments, and it is found to vary inversely
with the implosion yield, as expected. This methodology
provides a framework to guide efforts to investigate and
address mid-mode asymmetries at the NIF going forward.

ACKNOWLEDGMENTS

This work was performed under the auspices of the
U.S. Department of Energy by Lawrence Livermore Na-
tional Laboratory under Contract DE-AC52-07NA27344.
This work was also supported in part by the U.S. De-



14

partment of Energy NNSA MIT Center-of-Excellence un-
der Contract DE-NA0003868, and by the NNSA Labora-
tory Residency Graduate Fellowship under Contract DE-
NA0003960. D. T. Casey and T. M. Johnson acknowl-
edge support from the U.S. Department of Energy Early
Career Research Program through the Office of Fusion
Energy Sciences.

This report was prepared as an account of work spon-
sored by an agency of the United States Government.
Neither the United States Government nor any agency
thereof, nor any of their employees, makes any warranty,
express or implied, or assumes any legal liability or re-
sponsibility for the accuracy, completeness, or usefulness
of any information, apparatus, product, or process dis-
closed, or represents that its use would not infringe pri-
vately owned rights. Reference herein to any specific
commercial product, process, or service by trade name,
trademark, manufacturer, or otherwise does not neces-
sarily constitute or imply its endorsement, recommenda-
tion, or favoring by the United States Government or any
agency thereof. The views and opinions of authors ex-
pressed herein do not necessarily state or reflect those of
the United States Government or any agency thereof.

This document has been reviewed for release as docu-
ment LLNL-JRNL-2008600.

AUTHOR DECLARATIONS

Conflicts of interest

The authors have no conflicts to disclose.

Author contributions

J. H. Kunimune: investigation (lead), writing (lead).
D. T. Casey: investigation (supporting), writing (sup-
porting), resources (equal), supervision (lead). B. Kus-
towski: investigation (supporting). M. Jones: investi-
gation (supporting). L. Divol: investigation (support-
ing). T. M. Johnson: resources (equal). S. G. Dannhoff:
resources (equal). A. DeVault: resources (equal).
J. A. Frenje: supervision (supporting).

Data availability statement

The data that support the findings of this study are
available from the corresponding author upon reasonable
request.

REFERENCES

1S. Atzeni and J. M. ter Vehn, The Physics of Inertial Fusion:
Beam–Plasma Interaction, Hydrodynamics, Hot Dense Matter,
Oxford science publications (Clarendon Press, Oxford, 2004).

2A. L. Kritcher, A. B. Zylstra, C. R. Weber, O. A. Hurricane,
D. A. Callahan, D. S. Clark, L. Divol, D. E. Hinkel, K. Humbird,
O. Jones, J. D. Lindl, S. Maclaren, D. J. Strozzi, C. V. Young,
A. Allen, B. Bachmann, K. L. Baker, T. Braun, G. Brunton,
D. T. Casey, T. Chapman, C. Choate, E. Dewald, J.-M. G.
Di Nicola, M. J. Edwards, S. Haan, T. Fehrenbach, M. Hohen-
berger, E. Kur, B. Kustowski, C. Kong, O. L. Landen, D. Larson,
B. J. MacGowan, M. Marinak, M. Millot, A. Nikroo, R. Nora,
A. Pak, P. K. Patel, J. E. Ralph, M. Ratledge, M. S. Rubery,
D. J. Schlossberg, S. M. Sepke, M. Stadermann, T. I. Suratwala,
R. Tommasini, R. Town, B. Woodworth, B. Van Wonterghem,
and C. Wild, “Design of the first fusion experiment to achieve
target energy gain G > 1,” Phys. Rev. E 109, 025204 (2024).

3F. E. Merrill, D. Bower, R. Buckles, D. D. Clark, C. R. Danly,
O. B. Drury, J. M. Dzenitis, V. E. Fatherley, D. N. Fittinghoff,
R. Gallegos, G. P. Grim, N. Guler, E. N. Loomis, S. Lutz, R. M.
Malone, D. D. Martinson, D. Mares, D. J. Morley, G. L. Morgan,
J. A. Oertel, I. L. Tregillis, P. L. Volegov, P. B. Weiss, C. H.
Wilde, and D. C. Wilson, “The neutron imaging diagnostic at
NIF,” Rev. Sci. Instrum. 83, 10D317 (2012).

4G. P. Grim, N. Guler, F. E. Merrill, G. L. Morgan, C. R. Danly,
P. L. Volegov, C. H. Wilde, D. C. Wilson, D. S. Clark, D. E.
Hinkel, O. S. Jones, K. S. Raman, N. Izumi, D. N. Fittinghoff,
O. B. Drury, E. T. Alger, P. A. Arnold, R. C. Ashabranner, L. J.
Atherton, M. A. Barrios, S. Batha, P. M. Bell, L. R. Benedetti,
R. L. Berger, L. A. Bernstein, L. V. Berzins, R. Betti, S. D. Bhan-
darkar, R. M. Bionta, D. L. Bleuel, T. R. Boehly, E. J. Bond,
M. W. Bowers, D. K. Bradley, G. K. Brunton, R. A. Buckles,
S. C. Burkhart, R. F. Burr, J. A. Caggiano, D. A. Callahan,
D. T. Casey, C. Castro, P. M. Celliers, C. J. Cerjan, G. A. Chan-
dler, C. Choate, S. J. Cohen, G. W. Collins, G. W. Cooper, J. R.
Cox, J. R. Cradick, P. S. Datte, E. L. Dewald, P. Di Nicola,
J. M. Di Nicola, L. Divol, S. N. Dixit, R. Dylla-Spears, E. G.
Dzenitis, M. J. Eckart, D. C. Eder, D. H. Edgell, M. J. Edwards,
J. H. Eggert, R. B. Ehrlich, G. V. Erbert, J. Fair, D. R. Farley,
B. Felker, R. J. Fortner, J. A. Frenje, G. Frieders, S. Friedrich,
M. Gatu-Johnson, C. R. Gibson, E. Giraldez, V. Y. Glebov, S. M.
Glenn, S. H. Glenzer, G. Gururangan, S. W. Haan, K. D. Hahn,
B. A. Hammel, A. V. Hamza, E. P. Hartouni, R. Hatarik, S. P.
Hatchett, C. Haynam, M. R. Hermann, H. W. Herrmann, D. G.
Hicks, J. P. Holder, D. M. Holunga, J. B. Horner, W. W. Hsing,
H. Huang, M. C. Jackson, K. S. Jancaitis, D. H. Kalantar, R. L.
Kauffman, M. I. Kauffman, S. F. Khan, J. D. Kilkenny, J. R.
Kimbrough, R. Kirkwood, J. L. Kline, J. P. Knauer, K. M. Knit-
tel, J. A. Koch, T. R. Kohut, B. J. Kozioziemski, K. Krauter,
G. W. Krauter, A. L. Kritcher, J. Kroll, G. A. Kyrala, K. N. L.
Fortune, G. LaCaille, L. J. Lagin, T. A. Land, O. L. Landen,
D. W. Larson, D. A. Latray, R. J. Leeper, T. L. Lewis, S. LeP-
ape, J. D. Lindl, R. R. Lowe-Webb, T. Ma, B. J. MacGowan,
A. J. MacKinnon, A. G. MacPhee, R. M. Malone, T. N. Mals-
bury, E. Mapoles, C. D. Marshall, D. G. Mathisen, P. McKenty,
J. M. McNaney, N. B. Meezan, P. Michel, J. L. Milovich, J. D.
Moody, A. S. Moore, M. J. Moran, K. Moreno, E. I. Moses,
D. H. Munro, B. R. Nathan, A. J. Nelson, A. Nikroo, R. E.
Olson, C. Orth, A. E. Pak, E. S. Palma, T. G. Parham, P. K.
Patel, R. W. Patterson, R. D. Petrasso, R. Prasad, J. E. Ralph,
S. P. Regan, H. Rinderknecht, H. F. Robey, G. F. Ross, C. L.
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penumbral imaging to measure micrometer size plasma hot spots
in Gbar equation of state experiments on the National Ignition
Facility,” Rev. Sci. Instrum. 85, 11D614 (2014).

https://doi.org/10.1103/PhysRevLett.132.065102
https://doi.org/10.1103/PhysRevLett.132.065102
https://doi.org/https://doi.org/10.1002/ctpp.202200190
https://arxiv.org/abs/https://onlinelibrary.wiley.com/doi/pdf/10.1002/ctpp.202200190
https://doi.org/10.1063/1.4891303

	Reconstruction of residual kinetic energy in inertially confined fusion implosions at the National Ignition Facility using multiple heterogeneous data sources and neural networks
	Abstract
	Introduction
	Rocket-piston model
	Fitting with Markov chain Monte Carlo
	Acceleration with machine learning
	Results
	Application to synthetic data
	Application to experimental data
	Quantifying goodness of fit
	Inferred residual kinetic energy

	Future work
	Conclusion
	Acknowledgments
	Author declarations
	Conflicts of interest
	Author contributions
	Data availability statement

	References


