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Bayesian inference applied to x-ray spectroscopy data analysis enables uncertainty quantification necessary to
rigorously test theoretical models. However, when comparing to data, detailed atomic physics and radiation
transfer calculations of x-ray emission from non-uniform plasma conditions are typically too slow to be per-
formed inline with statistical sampling methods, such as Markov Chain Monte Carlo sampling. Furthermore,
differences in transition energies and x-ray opacities often make direct comparisons between simulated and
measured spectra unreliable. We present a spectral decomposition method that allows for corrections to line
positions and bound-bound opacities to best fit experimental data, with the goal of providing quantitative
feedback to improve the underlying theoretical models and guide future experiments. In this work, we use
a neural network (NN) surrogate model to replace spectral calculations of isobaric hot-spots created in Kr-
doped implosions at the National Ignition Facility. The NN was trained on calculations of x-ray spectra using
an isobaric hot-spot model post-processed with Cretin, a multi-species atomic kinetics and radiation code.
The speed up provided by the NN model to generate x-ray emission spectra enables statistical analysis of
parametrized models with sufficient detail to accurately represent the physical system and extract the plasma
parameters of interest.

I. INTRODUCTION

Uncertainty quantification is a critical aspect in the
analysis of experimental data and is required to make
meaningful comparisons between measurements and the-
oretical models. Given a set of experimental measure-
ments and a theoretical model, Bayesian inference can
provide rigorous statistical uncertainties in the model
parameters, including correlations between parameters.
Bayesian inference has been shown to be a powerful tool
to analyze magnetic confinement fusion experiments1–5

and has been more recently applied to HED and iner-
tial confinement fusion experiments.6–11 Careful consid-
eration of these sensitivities and correlations is critical
to correctly estimate errors when fitting experimental
data.12 Correlations can be particularly useful to ana-
lyze, as they can identify improvements to experimental
designs by identifying how the uncertainties in key pa-
rameters are affected by other model parameters that
may be under constrained.

Applying Bayesian inference to experimental data re-
quires a sufficiently accurate model to describe the sys-
tem that can be varied and sampled a large number of
times to obtain adequate sampling statistics. These re-
quirements often conflict, as model complexity and com-
putational cost are directly related, necessitating meth-
ods to speed up model calculations whenever possible.
Furthermore, fitting measured x-ray spectra using simu-
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lated spectra is often complicated by differences in line
positions, which can be caused by errors in simulated
spectra or the dispersion applied to experimental data
and can dominate the fit metric if ignored. In such a
case, the fitting routine will optimize the fit metric it has
been given and return a solution that poorly fits the fea-
tures of interest, such as line ratios or widths. A common
approach to solve this problem is to compare integrated
intensities within specific bands (e.g. line ratios), cir-
cumventing the issue by only comparing line intensities,
however this method ignores potentially useful informa-
tion such as line widths and becomes unreliable when
spectral regions overlap.
In this paper, we present a method to perform Bayesian

inference on experimental data using a neural network
(NN) surrogate model to dramatically reduce the com-
putational time to generate model predictions and define
the NN to easily allow for adjustments to the model spec-
tra necessary to fit the experimental data. This method
is applied to time-integrated x-ray spectra from Kr-doped
implosions at NIF to demonstrate the technique.

II. KR-DOPED IMPLOSIONS AT THE NIF

Here we consider time-integrated x-ray spectroscopy
data from Kr-doped implosions at the NIF designed
to provide detailed measurements of hot-spot condi-
tions using Kr emission spectroscopy. The experiment
(NIF shot N180423-002) used the pushered single shell
(PSS) drive13,14, an indirect-drive platform with rel-
atively low ablation-front growth that has been re-
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FIG. 1. Target design for the experimental platform showing
the hohlraum dimensions and capsule specification.

fined through many tuning experiments to produce well-
behaved, spherical implosions. The experiment used a
gold hohlraum, 5.75 mm in diameter and 9.43 mm in
length with 3.10 mm laser entrance holes (LEHs), as
shown in Fig. 1. The capsule has an outer radius of
855 µm with a total ablator thickness of 169 µm, split
into three layers. The outer layer consists of 165 µm
of CH doped with 1% Si to prevent preheat from the
hohlraum radiation and the inner 4 µm layer is undoped
CH. The capsule gas fill is DD with 0.01 atomic % Kr
at a density of 5.67 mg/cc (6975 torr) and the hohlraum
is filled with 4He at a density of 0.3 mg/cc (372 torr)
fielded at a temperature of 80 K. For the purposes of
line-emission spectroscopy, Kr dopant levels of 0.01–0.03
at. % are adequate to achieve sufficient signal levels and
low enough to keep the Kr Heβ emission optically thin
and not significantly impact implosion performance15,16.

The time-integrated x-ray spectra were collected using
two x-ray spectrometers fielded on the equatorial plane
of the NIF target chamber, ConSpec17,18 and dHIRES19.
The NIF Continuum Spectrometer (ConSpec) is an abso-
lutely calibrated Bragg crystal spectrometer with a con-
ical highly annealed pyrolytic graphite crystal designed
to measure the x-ray continuum in the energy range of
20 to 30 keV with 550 µm spatial resolution and spec-
tral resolution of E/∆E ∼ 250. The dHIRES diagnostic
is a high-resolution x-ray spectrometer designed to mea-
sure both time-resolved and time-integrated Kr K-shell
emission. dHIRES uses three crystals: two conical crys-
tals to focus Heα and Heβ emission onto a single x-ray
streak camera and a third crystal in the Von Hamos ge-
ometry with image plate for the detector to obtain an
absolutely calibrated spectrum covering the full range of
the time-resolved channels. The spectral resolution for
the time-integrated channel is E/∆E ∼ 1170.

III. HOTSPOT MODELING

Linking observations to physically meaningful quan-
tities requires a model with input parameters that can
be sampled to compare predictions to observables. To

model the hot-spot emission in this analysis, we use a 1D
isobaric hot-spot model derived by R. Betti et al.20 The
hot-spot model requires four parameters: the hot-spot
radius (R), central temperature (T0), density (ρ0 or al-
ternatively the electron density, ne0), and a shell density
(ρsh). The system of equations is given by

T (r̂) = T0
(1− r̂2)2/5

1− 0.15r̂2

ρ(r̂) = ρ0
1− 0.15r̂2

(1− r̂2)2/5 + ϵ

(1)

where r̂ = r/R is the scaled radius and ϵ = 0.85ρ0/ρsh ≪
1 is an ad hoc term added to avoid a singularity at r̂ = 1
resulting from the assumption that T goes to zero at the
hot-spot boundary used in the derivation of the model.
Note that the temperature at r = 0 is T0, however the
electron density is not ne0 due to the parameter ϵ.
We model the x-ray emission for a given hot-spot pro-

file using Cretin21, a multi-species atomic kinetics and ra-
diation transfer code. Cretin models the DD+Kr plasma
self-consistently for a given plasma condition (ne, Te)
with radiation transport to calculate emission from the
1D spherical hot-spot profiles. Modeling the system with
1D spherical profiles provides a significant improvement
compared to fitting the ”average” condition, which can
be misleading if the sensitivities of each measurement are
not carefully considered.22 The multi-species Cretin cal-
culations used a simple principal quantum number model
for deuterium, while the Kr atomic model combined fine-
structure data from the Flexible Atomic Code23 for the
H- through Be-like sequences with a screened-hydrogenic
model24 for other charge states.

IV. SPECTRAL DECOMPOSITION

A common challenge in fitting bound-bound x-ray
spectra arises from differences in line energies between
simulated spectra and measured results. These differ-
ences can be due to errors in the experimental data (e.g.
spectral calibration), the simulated spectra (e.g. atomic
data errors), or both. Regardless of the cause, small off-
sets between the data and the simulations can give rise to
large fitting errors, especially when fitting narrow spec-
tral features where small difference in line energies give
rise to large contributions to the distance metric in the
loss function (e.g. mean squared error).
To alleviate this issue, we decompose the simulated

spectra into individual lines described by analytic func-
tions, allowing corrections to be made to the line po-
sitions in the fitting process as described in a previous
publication.22 This process is similar to typical dimen-
sional reduction methods used in many machine learn-
ing models, including similar methods to analyze x-ray
spectra,25 however this method allows for specific aspects
of the spectra to be modified by well-defined parameters
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FIG. 2. Spectral decomposition of the (a) Kr Heα and (b) Heβ regions showing spectra calculated using Cretin in red, the
reconstructed fit in dashed blue, and the individual Voigt line profiles in gray showing that the Cretin spectra can be accurately
represented by a set of Voigt profiles.

such as line shifts, widths, and amplitudes. Importantly,
when using this method to fit the data, the corrections re-
quired to match the experimental data can be extracted
from the fit and used to improve the atomic modeling
and spectral calibration with quantitative feedback to im-
prove atomic data and opacity models. With the spectra
decomposed into lines and other spectral features (e.g.
backgrounds, edges) the simulated spectra can be defined
by a set of input parameters, suitable for fitting using a
Bayesian framework.

Here, we decompose the Kr Heα region into 13 lines
and the Heβ region into 5 lines, all of which are as-
sumed to be Voigt functions, each of which has 4 pa-
rameters. An example of the spectral decomposition re-
sults is shown in Fig. 2. This technique can be extended
to use more sophisticated line profiles as long as they
can be described using a defined set of parameters for
decomposition and reconstruction. With the flexibility
provided by this spectral decomposition method we can
apply Bayesian inference to our data, allowing for ad-
justments necessary to describe the measured spectra to
extract the hot-spot parameters of interest.

V. NEURAL NETWORK SURROGATE MODEL

For computationally expensive models, it can be pro-
hibitively time consuming to perform statistical sampling
to determine the uncertainties in the input parameters.
Methods such as Markov Chain Monte Carlo (MCMC)
sampling often take many thousands to millions of sam-
ples to converge, and the number of required samples
typically increases exponentially with the number of in-
put model parameters. Several previous studies have
demonstrated the effectiveness of NN surrogate models
to replace computationally expensive models for HED
and fusion experiments.7,26–29

Producing spectra from a given hot-spot condition us-
ing Cretin and decomposing the data into the analytic

features described above takes approximately 30 seconds
using a 36-CPU high performance computer. If conver-
gence for the MCMC sampling requires approximately
one million samples run in series, convergence will take
approximately one year of computational time (or weeks
if using parallel MCMC chains with sufficient comput-
ing resources). By replacing the spectral generation code
with a NN and designing the network to directly out-
put the reconstruction parameters for each spectrum (e.g.
Voigt line parameters), we can dramatically reduce the
computational cost and time required to converge with
MCMC sampling. A diagram showing how the NN re-
places the spectral generation and line fitting is shown in
Fig. 3.

To produce a set of training data for the NN surrogate
model, 25,000 Cretin calculations were performed using
1D spherical hot-spot profiles. The training data were
calculated by randomly sampling the hot-spot parame-
ters over the ranges of R = 20–50 µm, T0 = 3–6 keV,
ne0 = (5-200)×1023 cm−3, and ρsh = 3–10 g/cm3. The
sampling for R, T0, and ρsh were uniform in linear space
while the sampling for ne0 was sampled uniformly in log
space. These ranges are sufficient to span the probability
distributions inferred in the final fitting of the data. In
practice, if it is found that the probability distributions of
any input parameters approach the limits of the training
data, it is possible to add more training runs and repeat
the process as necessary.

The NN was implemented using pytorch30 using an ar-
chitecture with 4 input nodes for the hot-spot parameters
and 77 output nodes, corresponding to the reconstruction
parameters required for the three spectral regions (53 for
Kr Heα, 21 for Kr Heβ, and 3 for the continuum). The
NN has 5 hidden layers with an increasing number of
nodes (64, 128, 256, 512, and 1024) before reducing to
the final output nodes. Each hidden layer includes a rec-
tified linear unit activation unit and a dropout rate of
1% to reduce overfitting. This specific NN architecture
was found to produce good results for our problem and
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FIG. 3. (a) Fitting workflow showing where NN surrogate model replaces both the spectral calculations and spectral decom-
position steps to reduce computational time. (b) Spectral reconstruction results compared to an example Cretin calculation
(black) compared to reconstructed spectra directly from the spectral decomposition process (blue) and using the results of the
NN surrogate model (orange).

other architectures with different numbers of hidden lay-
ers and layer widths were tested, although there is cer-
tainly room for optimization in this area. The NN was
trained using the Adam optimization algorithm31 with
an adaptive learning rate using the mean absolute error
(MAE) loss metric.

VI. FITTING EXPERIMENTAL DATA

Using the NN to produce simulated spectra for the
four hot-spot profile parameters, we add additional pa-
rameters to compare the simulated spectra to the exper-
imental data. These include corrections to the calcula-
tions such as line shifts to match spectral lines, amplitude
multipliers to optically thick lines, and additional broad-
ening of specific lines as well as typical corrections such
as background levels and normalization factors. In to-
tal, this analysis uses 21 fitting adjustment parameters:
3 background level parameters, 3 normalization factors,
9 line shift parameters for the Kr Heα region, 2 line shifts
for the Kr Heβ region, 2 opacity correction multipliers for
lines in the Kr Heα region with significant optical depth
leading to fitting issues (intercombination and resonance
lines), and additional broadening for the emission line at
12.99 keV in the Heα spectrum.

It is important to note that the specific fitting param-
eters used in this analysis (e.g. which lines to allow to
shift, which lines to include opacity multipliers) were de-
termined to be sufficient to accurately fit the data, how-

ever other choices can be made with the trade-off of flex-
ibility and computational cost by allowing for more free
parameters. In practice, some amount of iteration is re-
quired to determine which parameters should be included
in the fitting process and the prior for each parameter is
set correctly. For example, if the line shift parameters
are not properly bounded, it is possible for two lines to
switch positions, leading to confusing results. Through
this iteration, it is possible to identify which features in
the data are not adequately represented by the model,
and the additional parameters required are indicators of
where the models may need to be improved.

We apply Bayesian inference to the data with MCMC
sampling using the emcee32 package implemented in
Python. Samples were collected using 64 walkers and
a normal likelihood with bounded uniform priors to re-
strict the input plasma parameters to the ranges used
in the NN training data, to limit line energy shifts to
prevent emission lines from swapping positions, and to
enforce physical constraints (e.g. positive amplitude mul-
tipliers). To ensure convergence, 200,000 steps were run
for each walker for a total of 12.8M samples (walkers ×
steps) and the first 150,000 steps were discarded as the
burn-in phase of the MCMC sampling process.

Figure 4 shows the measured (a) Kr Heα, (b) Kr Heβ,
and (c) continuum spectra in black with 20 samples from
the inferred posterior distributions with (orange) and
without (blue) fitting parameters included. For the Heα
spectrum, the offset in the signal level in the photon en-
ergy range of 12.95–13.00 keV and the energy offset of
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FIG. 4. 20 samples from the posterior distributions for the fitting results with (orange) and without (blue) fitting parameters
compared to the experimental data from NIF shot N180423-002 (black) for the three spectral regions.

FIG. 5. Distribution of MAEs for the Kr Heα spectrum with
(orange) and without (blue) the use of additional fitting ad-
justment parameters.

the low energy side of the resonance line at 13.12 keV
dominate the error calculated in the fitting procedure.

Quantifying the improvement using additional fitting
parameters, the distributions for the MAEs of the fits for
the Kr Heα spectrum are shown in Fig. 5, where the
average value of the MAE is reduced from 1.57 to 0.89.
More importantly, Fig. 6 shows the resulting change in
inferred hot-spot temperature and pressure when the fit-
ting parameters are included. While the improved anal-
ysis shows the central temperature of the hot-spot only
changes by a few percent due to the strong constraint
from the x-ray continuum, the inferred pressure of the
hot-spot is nearly 25% higher when allowing for the fit-
ting corrections. This example highlights the possible
impact of the fitting adjustments, however more detailed
analysis of the specific corrections applied to the calcu-
lated spectra will be required to verify that the correc-
tions are appropriate. Ideally, these corrections can be
used to improve the underlying models used in collisional
radiative calculations.

FIG. 6. Fitting results for the hot-spot central temperature
and pressure, showing the probability distribution of each pa-
rameter along the top and the correlation of the two plasma
parameters on the bottom left. The results with the addi-
tional fitting parameters are shown in orange and the results
with no corrections are shown in blue.

VII. CONCLUSIONS

We presented a method to accurately fit x-ray spectra
by decomposing simulations into individual lines and in-
cluding energy shifts in the fitting process. This method
naturally results in a large number of fitting parame-
ters, necessitating the use of a NN surrogate model to
increase the model sampling rate for statistical fitting.
The method has been applied to time-integrated x-ray
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spectra from a Kr-doped capsule implosion at the NIF,
reducing the computational time required to fit the data
from years to hours. Additional refinements to the model
will improve the fitting results and the reduced compu-
tational cost of the NN surrogate model will enable sta-
tistical fitting of time-resolved hot-spot emission data.
In this analysis we do not include error introduced by
the NN surrogate model due to the fact that these errors
are likely considerably smaller than other uncertainties
in the spectral modeling process, however these errors
can be included in the NN predictions.27 Furthermore,
this method can be extended to incorporate additional
measurements (e.g. x-ray imaging, neutron diagnostics)
and fit absolute emission values to x-ray spectra to better
constrain theoretical models.
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R. A. Simpson, E. S. Grace, K. Swanson, and T. Ma, Physics of
Plasmas 29, 093901 (2022).

26J. Svensson, M. von Hellermann, and R. W. T. König, Plasma
Physics and Controlled Fusion 41, 315 (1999).

27A. Pavone, J. Svensson, A. Langenberg, N. Pablant, U. Hoefel,
S. Kwak, R. C. Wolf, and W. .-X. Team, Review of Scientific
Instruments 89, 10K102 (2018).

28A. Pavone, J. Svensson, S. Kwak, M. Brix, R. C. Wolf, and
J. Contributors, Plasma Physics and Controlled Fusion 62,
045019 (2020).

29L. L. Lao, S. Kruger, C. Akcay, P. Balaprakash, T. A. Bech-
tel, E. Howell, J. Koo, J. Leddy, M. Leinhauser, Y. Q.
Liu, S. Madireddy, J. McClenaghan, D. Orozco, A. Pankin,
D. Schissel, S. Smith, X. Sun, and S. Williams, Plasma Physics
and Controlled Fusion 64, 074001 (2022).

30A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan,
T. Killeen, Z. Lin, N. Gimelshein, L. Antiga, A. Desmaison,
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