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pulses using sulfur K-shell emission spectra
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The emergence of high-intensity femtosecond duration x-rays from Free-Electron Lasers has enriched our
understanding of the structure and dynamics of biological molecules at the atomic level. In serial femtosecond
crystallography experiments, the magnitude of the interaction between photons and matter can vary significantly
due to variations in the x-ray pulse’s intensity, energy bandwidth and duration, as well as fluctuations in the
synchronicity between the x-ray pulse and the sample. Accurate characterization of the conditions from each
exposure is valuable for experiment and theory. In this theoretical work, we propose using x-ray emission spectra
emanating from sulfur atoms, which are prevalent in biomolecules, to obtain individual hit information. We train
a neural network based on synthetic K-shell emission spectra from a lysozyme crystal to predict x-ray fluence
and pulse duration. The model achieves a training relative error of <12% when predicting both parameters
concurrently. We use interpretation methods to identify the regions in the spectra that have the most predictive
power. For fluence predictions, the model emphasizes K-L emission shifts to higher energies due to the presence
of highly charged sulfur ions. For pulse duration predictions, the model places a greater focus on the emission
signal from double core hole K-L emission. These results demonstrate that it is possible to predict x-ray exposure

Interpretable neural network predictions of high-intensity femtosecond x-ray free-electron laser
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information on the sample based on physically interpretable features in sulfur’s K-shell emission spectra.

DOI: 10.1103/dwc6-7hvn

I. INTRODUCTION

Serial Femtosecond x-ray (SFX) crystallography using x-
ray Free-Electron Lasers (XFELs) offers a way to obtain
atomic structural information and dynamics from biological
samples at room temperature [1,2]. The high peak brilliance
from FELs combined with micron- to nano-sized focus-
ing produces pulses with fluence values in the range of
103103 Jcm~2 that last from a few to tens of femtoseconds
[3]. SEX experiments record elastically scattered signals typ-
ically from single protein crystals 5—20 um in size [4,5] at
photon energies in the hard x-ray regimes >5 keV to achieve
high structural resolution [6]. A standard FEL operation mode
relies on the self-amplified spontaneous emission (SASE)
scheme [7]. The stochastic nature of the SASE process causes
shot-to-shot variations in the photon energy, peak fluence,
and pulse duration [3]. Knowledge of the temporal-spatial
distribution and energy spectrum of the x-ray beam, known
as beam characterization, is necessary to have accurate infor-
mation on the conditions at the interaction region for real-time
monitoring and theoretical modeling.
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Pulse intensity monitoring happens upstream from the
interaction region with x-ray gas monitors [8,9] or solid-
state devices [10,11] that do not consider transmission losses
through the focusing optics. Even when accounting for trans-
mission [12], there is uncertainty about the proportion of
photons that end up diffusely scattered outside the focus. The
spatial beam profile can be mapped by fitting a histogram
of the total scattered intensities after an experiment [13] or
in a separate experiment via charge distributions with vol-
ume integration [14]. In liquid or aerosol injection devices,
and for crystals (or atomic clusters) that are smaller than
or comparable to the focus, there is additional uncertainty
about the x-ray exposure at the individual hit level, which
depends on the sample position at the moment of illumina-
tion [15,16]. As XFEL facilities strive for higher intensities
with subfemtosecond pulse durations [17], nonlinear effects
that influence the number of photons reaching the detector
become increasingly important [18,19]. A present challenge
is to have high-repetition diagnostics tools that can provide
real-time feedback on experiments [20]. To this end, machine
learning approaches have been employed to monitor x-ray
pulse properties [21-26] and to characterize samples [27,28].

X-ray emission spectroscopy (XES) is an element-specific
and electronic-state sensitive technique that can provide addi-
tional complementary information during SFX experiments.
XES originating from proteins has been used to study lo-
cal structures [29]. For example, using a single pulse for
SFX and XES, hit rates and oxidation state in the metal
active site for metalloproteins have been explored [30]. The
low fluorescence photon count from each shot requires high
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repetition rates and thousands of shot averages [30]. For light
elements, the most probable decay process following inner-
shell photoionization is the ejection of a secondary electron.
A challenge with using proteins without metallic clusters is
their weak fluorescing signal. For example, the possibility to
detect a sufficiently strong single-shot sulfur Ka XES sig-
nal from ammonium sulfate was experimentally demonstrated
in the tender x-ray region using a spectrometer placed at a
backscattering angle [31]. Due to the high intensity of x-rays
from FELs, a fully exposed sample within femtoseconds turns
into a plasma. In the context of laboratory and astrophysical
plasma, XES is routinely used to obtain information about
the sample’s relative composition, temperature, and ionization
[32,33].

In this study, we explore the feasibility of obtaining
real-time shot-to-shot x-ray pulse characteristics from the
XES signal emanating from a protein crystal, which encodes
information on the ionization, temperature, and electronic
occupations. We train a deep neural network with emission
spectra as input to predict one or a combination of fluence and
duration from the incident x-ray pulse as output. We compute
time-integrated XES using collisional radiative simulations
together with fully relativistic configuration averaged atomic
data. We apply explainable neural network techniques [34]
to identify key spectral features that meaningfully influence
the predictions. We see this study as a first step toward de-
veloping an x-ray pulse and sample diagnostic tool for SFX
and Single-Particle Imaging that is complementary to existing
methods.

II. METHODS
A. Simulating emission spectra

When a protein crystal or any material in general is ex-
posed to high-intensity x-rays, radiation damage initiated
by inner-shell photoionization starts taking place, resulting
in the formation of ions in highly excited states. Within
femtoseconds after exposure, radiative and nonradiative re-
laxation channels along with primary photoelectrons, with a
mean free path smaller than the crystal dimensions, trigger
a secondary ionization cascade, and the sample reaches a
transient nonequilibrium plasma state [35-37]. To describe
the sample’s changing electronic configuration and energetics
initiated by the x-ray pulse, we employ a nonlocal thermo-
dynamic equilibrium collisional radiative code [38,39]. The
collisional radiative simulations solve a set of differential
equations given an incident x-ray beam photon energy, flu-
ence, bandwidth, and temporal shape. A rate matrix evolves
electronic occupations based on radiative and collisional
rates specified by the atomic data. Heating rates are used
to calculate free-electron and ion temperatures, where each
follows a Maxwellian distribution. Electronic occupations
dictate opacities and emissivities used for radiation transport.
For each simulation time step, the existing conditions are
determined iteratively until electronic densities and temper-
atures converge. The code has been featured in a series of
workshops that benchmark and compare collisional radiative
codes with experimental spectroscopic data [40]. In the con-
text of biomolecular modeling, this tool has been employed to

TABLE 1. Comparing values from the Flexible Atomic Code
(FAC) [44] to experimental data. The calculated energies are aver-
aged over fine-structure multiplets for K-L and averaged over all
transitions for K-M, where the standard deviation represents their
uncertainty. The two experimental values for K-M, 3 outline a two-
peak substructure identified by Pérez et al. [57].

Transition FAC (eV) Experimental (eV) Ref.

K-L, 2307.07(54) 2306.700(38) [54]

K-L; 2307.94(23) 2307.885(34) [54]

K-M; 3 2469.23(27) 2464.49(6) [57]
2467.73(2)

reproduce experimental observations in x-ray-induced elec-
tronic and structural changes [41-43].

As part of our approach, we use the flexible atomic code
(FAC) [44] to compute atomic data for photoionization and
radiative recombination, photoexcitation and spontaneous de-
cay, autoionization and dielectronic recombination, electron
impact ionization and three-body recombination, as well as
electron impact excitation and deexcitation. Inverse processes
are determined by the collisional radiative code based on
the assumption of statistical equilibrium [45]. FAC solves a
relativistic Dirac equation with a central potential with ef-
fects from nuclear charge and electron-electron interactions
[44]. We get energy levels and degeneracies from the diago-
nalized Hamiltonian. Radiative electric and magnetic dipole
transitions are described by wavelength, oscillator strength,
and level width [44]. Electron impact ionization rates are
computed over a grid with a limited energy range based on
the distorted wave method and fit these to a function that
depends on collision impact energies. Since electron impact
excitations are especially computationally demanding in FAC,
we instead calculate these based on the Bethe approximation
using oscillator strengths from photoexcitation [46].

We describe the x-ray pulse with a Gaussian profile in the
time domain and a flat top shape in the energy domain. We
discuss limitations of these two assumptions in Sec. III. The
sample is simulated as a one-dimensional uniform medium
with a defined mass density and stoichiometric ratio. For this
study, we use a density of 1.13 g/ cm® and stoichiometry of
Hs6,C187N5900199S3, which was determined from a solvated
and equilibrated lysozyme crystal after executing minimiza-
tion and equilibration molecular dynamics procedures. We
define the sample as a one-dimensional 1-um-thick system
with an initial electron and ion temperature of 0.025 eV. The
collisional radiative simulations ran for 1 ps. In addition, we
incorporate effects from cooling via hydrodynamic expansion
and ionization potential depression using the Steward-Pyatt
model [47]. We compute configuration-averaged atomic data
for n < 3,1 < 2 quantum numbers with a maximum of up
to two excitations per n shell from the ground-state config-
uration. In Table I, we compare energies for a few selected
transitions obtained from atomic calculations and experi-
ments. In the time-integrated spectra, we omit contributions
from bound-free and free-free emissions. The simulated emis-
sion spectra span the emission energy range 2.20-2.51 keV,
which covers K-L and K-M shell emission from single 1s core
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FIG. 1. Fully connected neural network architecture with four
hidden layers. Each data point in the processed time-integrated syn-
thetic spectra is fed as an input. The number of outputs is one or
a combination of x-ray fluence and pulse duration. We use a linear
activation for the output layer.

hole and K-L emission from double 1s core hole states. The
spectra consist of 340 nonuniformly sampled points that vary
between 0.4 and 0.6 eV in regions with emission peaks, and
1.4-4.5 eV in regions without emission peaks.

B. Data processing

Depending on the sample conditions, the wings from
bound-bound transitions may introduce an overall shift in
the simulated spectra. Although physical, these shifts might
not be well captured in an experimental setting due to their
generally weak signal. In the early attempts of our study, we
found that the neural network model partially learned from
these background shifts. Furthermore, experimental emission
spectra are commonly given in arbitrary units, where absolute
values can be recovered after careful calibration procedures.
If real-time knowledge of the sample conditions is desired
during an experiment, then accurate calibration might not
always be feasible. Motivated by these details, we (1) lin-
early interpolate the spectra to obtain a uniformly sampled
1000-points-long signal to make sure each input node in the
neural network receives the intensity corresponding to the
same emission energy value across all spectra; (2) apply a
min-max normalization to each emission spectra intensity
I; according to I/ = [I; — min(/;)]/[max(l;) — min(J;)] to de-
couple the magnitude of the x-ray pulse intensity from the
emission intensity; (3) augment the data sixfold by intro-
ducing a normally distributed random shift centered at zero
with a standard deviation of 10% to increase our input data
(number of spectra) and remove any fluence dependence on
the location of the baseline; and (4) add noise to each spectrum
from a normal distribution centered around zero and 0.1%
standard deviation.

C. Neural network structure and model interpretation

We construct a fully connected feedforward neural network
consisting of four hidden layers with 384, 128, 1024, and 448
nodes, respectively, using the Keras PYTHON library [48]. A
diagram of the architecture is shown in Fig. 1. We find an
optimal number of layers and nodes from a limited set of
combinations that minimizes the validation error using the

KerasTuner PYTHON package [49]. The hidden layers use a
ReLU activation function, while the output layer uses a lin-
ear activation. The simulated data is split into 80% training
and 20% testing partitions. The ground truth training out-
put is scaled from O to 1 using a min-max normalization.
We evaluate the accuracy of our predictions during training
with a tenfold cross-validation technique. The training data
is divided into ten partitions and ten identical independent
models are trained on a different combination of partitions
with a single partition singled out for validation. We use a
mean squared error loss function, a batch size of 16, and train
for 500 epochs. The models are optimized using the Adam
optimizer and a dynamic learning rate 1 x 102 to 1 x 107>
that decreases by a factor of 0.9 when the validation loss
stagnates for 10 epochs.

After training, we gain an interpretation of the results by
computing one-dimensional saliency maps with two tech-
niques. (1) We use the GradientTape interface implemented in
the TensorFlow PYTHON library [50] to measure the sensitivity
of the model based on the gradient of its output with respect
to the input. (2) We compute approximate Shapley Additive
Explanations (SHAP) values, using the Deep Learning Impor-
tant FeaTures [51] method implemented in the shap PYTHON
library [52]. SHAP is a gradient-free method that compares
neuron activation differences between reference and test in-
puts to assign importance scores. As a reference, we use a
set of 100 background noisy spectra containing no informa-
tion, which we construct from a normal distribution centered
around —5 and standard deviation of 1073,

III. RESULTS AND DISCUSSION

The method of XES is routinely used to probe the local
environment of the emitters. The computed data from which
we obtain spectral information are atomistic and do not carry
any molecular information. We can specify initial oxidation
states in the simulations. To keep the results general, we
assume all atoms start in a neutral configuration. Following
the creation of a ls core hole, the strongest sulfur emission
lines, corresponding to a radiative electron decay from the L
shell to fill the hole in the K shell, do not significantly shift
in energy with oxidation state [53]. K-L emission lines are
also less sensitive to chemical bonds compared to K-M shell
transitions. The K edge in sulfur at 2470.5 eV [54] does shift
to higher energies with increasing charge. For photon energies
in the hard x-ray regime, these shifts (~10 eV from S°* to S+
[53]) are comparatively small and do not significantly alter
ionization pathways.

A. Predicting x-ray pulse fluence

We begin by training a model to predict the fluence in
the sample. The dataset consists of 6000 time-integrated
K-shell sulfur emission spectra. For the generation of the
synthetic data, we uniformly sample the fluence range
5x 103 to 5 x 10° Jcm™2 using a scrambled Sobol sequence
to obtain an even sampling of the fluence (low discrepancy),
and fix the pulse duration to 10 fs, the photon energy to
12 keV, and the bandwidth to 1%. A randomly selected spec-
trum before data processing is shown in Fig. 2(a). We identify
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FIG. 2. Training a model based on simulated time-integrated sul-
fur XES collected for 1 ps to predict fluence on the sample from an
incident x-ray Gaussian-shaped 10 fs, 12 keV, and 1% bandwidth
pulse. (a) K-shell sulfur emission for a single selected run. (b) Aug-
mented data based on the procedure outlined in Sec. II B. (c) Relative
mean squared error distribution after tenfold cross validation. (d) Ab-
solute relative mean square error as a function of the true x-ray pulse
fluence. The dashed line delineates five times the standard deviation
of the relative error from the test set.

two regions of interest: one around 2.3 keV that we label
as Ko and a second around 2.46 keV that we label Kg.
The result from augmenting this single spectrum, based on
the procedure described in Sec. II B, is shown in Fig. 2(b).
After n-fold cross validation using the procedure outlined in
Sec. I1 C, we evaluate the model ensemble on the test dataset.
A histogram of the relative error shown in Fig. 2(c) demon-
strates the ensemble predictions follow a roughly uniform
distribution with a standard deviation of 1.41%. For reference,
x-ray gas monitors at the European XFEL have an absolute
accuracy of less than 10% [8]. The absolute relative error
as a function of the fluence, plotted in Fig. 2(d), shows the
model struggles to predict lower fluence values. There are two
explanations for this. (1) Low fluence values are significantly
smaller than the dataset’s average, therefore, a small deviation
from their true values constitutes a large relative error. (2)
We have fewer simulated spectra at low fluence since we opt
to sample the fluence space linearly. We trained additional
models using n-fold cross validation with a subset of the
data corresponding to x-ray fluence values <5 x 10* Jem™2.
We find (results not shown) that the uncertainty in the train-
ing’s relative error improves slightly compared to evaluating
the subset using the full-dataset trained models. Hence, the
high fluence bias on the training data affects the model’s
performance. A uniform distribution of the emission on a
logarithmic scale could improve the results.
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FIG. 3. Gaining interpretation of the trained models by super-
imposing the unprocessed emission spectra (y axis on the left-hand
side), together with the normalized interpretation scores obtained
from Gradient and SHAP methods (y axis on the right-hand side).
Panel (a) shows the entire spectral region, while (b) and (c) focus
on the Ko and KB emission regions, respectively. The interpretation
scores are averaged over the fold cross-validation model ensemble.
For SHAP, we use a normally distributed noise centered at —5 with a
standard deviation of 1073 as the reference. The dotted lines show the
identified emission lines that contribute to the main spectral features.

We would like to gain insights into the features from the
input spectra that govern fluence predictions. We employ
the methods of Gradients and SHAP discussed in Sec. II C.
The normalized interpretation scores from these methods,
along with the log-scaled unprocessed spectra, are shown in
Fig. 3(a) over the full simulated spectral range. These inter-
pretation scores can be taken as a measure of the interest
captured by the model. A positive saliency value corresponds
to areas of the spectra containing information that increases
the model’s confidence, while negative values decrease the
model’s confidence in its prediction [55]. The absolute value
of the saliency therefore highlights the regions of importance
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since they impact the model’s final prediction [55]. We ob-
serve both methods yield very similar scores, with most focus
placed around 2.29-2.35 keV. By normalizing the data, the
model is unable to correlate the height of the most intense
emission peak with fluence. By shifting the data uniformly
along the y axis, the model also learns to ignore any back-
ground that, due to its relatively weak signal, might be absent
in an experiment.

In Figs. 3(b) and 3(c), we zoom into the Ko and Kp
emission regions, respectively, and label selected emission
lines following IUPAC notation [56]. The K-L; 3 lines, also
known as Ko and Koy, correspond to 2p — 1s transitions
that under the conditions explored in this study merge
into a single peak. With increasing incident fluence, this
peak broadens most strongly towards higher energies. The
interpretation score around this transition drops at the peak
and asymmetrically favors higher energies. This observation
aligns with our physical understanding, as the fluence
determines the sample’s ionization, causing the emission to
shift to higher energies. The model also strongly associates
fluence prediction with the presence of K-L3 ; S** and S>*
lines, corresponding to a 2p — 1s transition with a spectator
hole in the L shell [57]. We can also connect this observation
with a fluence-dependent sequential multiphoton absorption
[35,58-60], where the increasing number of photons can
further ionize L-shell electrons from ions in excited or
ground-state configurations. Another mechanism to create
L-shell spectator holes is via electron impact ionization
[57]. At higher fluence values, the sample is more ionized,
resulting in an increased number of free electrons available for
collisions. To keep the simulations computationally feasible,
each charge state contains a limited number of levels,
which includes at most two excitations per n shell from the
ground-state configuration. Therefore, for weakly ionized
ions, emission lines with two or more L-shell spectators
are absent in the synthetic spectra but may be present in
experimental observations. The signal from higher ionization
states, for example, the K-Lg_3 S7+ line, corresponding to
a 2p — ls transition with two spectator holes, does not
contribute to the fluence prediction. In the KB region, we
observe emission from K2-KL,3; S>*, corresponding to a
double core hole 2p — 1s transition, and from a single
core hole K-M,; 3 at different charge states. In this region,
only the lowest energy emission contributes to the fluence
prediction.

To further evaluate the model sensitivity to different re-
gions of the spectra, we train a new model on data with
some missing information. With this perturbation analysis,
we gain knowledge of the emission energy regions that are
most important for the prediction [34] and mimic an experi-
mental scenario where the spectral signal might be partially
unavailable. In this case, we augment the 6000 spectra dataset
twofold. Twenty percent of the spectral emission energy is
masked by setting values to zero. The masking is uniformly
distributed along the full emission energy range. We train the
model on the occluded spectra using n-fold cross validation.
The ensemble’s mean (dots) and standard deviation (error
bars) prediction from the test dataset is presented in Fig. 4.
The results show ensemble uncertainties are small in most
cases except for a few predictions that fall well outside the
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FIG. 4. Comparing ensemble predictions against fluence with
and without feature occlusion. At low fluence, the relative uncer-
tainty is higher, but the most significant effect on uncertainty is seen
in predictions where the Ko and K8 regions are occluded, as shown
in the inset. We show a few cases corresponding to each labeled
prediction, with color-coded letters matching the color of the spectra
in the main figure’s inset.

general trend. We show the spectra from selected outliers in
the inset and identify these happen when prominent Ko and
Kp features of the spectra are fully removed. These results
are in line with our previous observation obtained with the
methods of Gradient and SHAP. Our results underscore that
even with incomplete experimental data, the model maintains
robust performance.

B. Predicting x-ray pulse intensity

We examine a more challenging but realistic condition
by training models to concurrently predict x-ray fluence and
pulse duration. We sample both parameters uniformly in lin-
ear scale using a scrambled Sobol sequence in the range
5% 10%to 5 x 10° Jem™2 and 3-30 fs. The dataset consists
of approximately 21 000 emission spectra. The incident x-ray
photon energy is constant at 12 keV with 1% bandwidth. In
Figs. 5(a) and 5(b), we present the absolute relative error
obtained from the tenfold cross-validation ensemble. We find
a standard deviation of 11.8% and 9.4% for fluence and pulse
duration test predictions, respectively. Compared to the model
ensemble with fixed pulse duration, the fluence absolute rel-
ative error is now much larger. In Fig. 5(c), we compare
the true values from the testing dataset (green dots) to the
average from the ensemble prediction (yellow lines). In this
representation, the results demonstrate the model does well
to predict most pulse duration and fluence samples struggling
mainly for small fluence values. As we previously determined,
this is a consequence of poor sampling of the low fluence
region. Nevertheless, the intensity from each exposure shown
in Fig. 5(c), based on the predicted fluence over the predicted
pulse duration, is decently captured even at low intensities
where, for values <1 x 10'® W cm™2 consisting of only 26
testing samples, the model achieves a 28% standard deviation
from the true values.

Similar to the previous section, we are interested in
identifying spectral features that are critical to the model’s
prediction. On this occasion, we focus only on normalized
SHAP interpretation scores, presented in Fig. 6(a) over the
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FIG. 5. Model predicting x-ray pulse fluence and pulse duration.
(a) Relative error as a function of the fluence and (b) pulse duration.
In both panels, the dashed lines represent five times the standard devi-
ation of the relative error from the test set. (c¢) Comparing the testing
dataset’s true (green dots) and predicted (yellow lines) values along
the two output dimensions. Predictions are averaged over the tenfold
cross-validation models. (d) Predicted and true training intensities
(fluence over pulse duration). The dotted line delineates a perfect
prediction.

full simulated energy range along with log-scaled unprocessed
emission spectra. We compare these results against the in-
terpretation scores presented in the previous section. While
the normalized score remains zero for most of the spectra
except the Ko and K regions, its overall shape changes and
shows a larger emphasis near the KB region. We approxi-
mately decouple the fluence and pulse duration contribution
to the interpretation scores by training two independent n-fold
cross-validation model ensembles with a subset of the training
data where one parameter is fixed at a time. For fluence and
pulse duration, we fix the values to 2 x 10° J/cm? and 8 fs,
respectively, with an interval of £5%. The normalized SHAP
interpretation scores are shown in Fig. 6(b) for varying fluence
and fixed pulse duration and in Fig. 6(c) for varying pulse
duration and fixed fluence. When the pulse duration is fixed,
we recover similar results to those presented in Fig. 3(a).
When the fluence is fixed, the K2-KL2,3 emission responds
most strongly to changes in pulse duration and the normal-
ized interpretation score highlights this region as significant
for the prediction. The variation in the strength of K?-KL, 3
emission line to pulse duration can be understood by consid-
ering sulfur’s ls core hole lifetime is 1.1fs [61]. As the pulse
duration decreases, incoming photons outrun radiative and
nonradiative relaxation mechanisms, leading to the creation
of empty cores whose presence we detect via this emission
channel [62,63]. These observations demonstrate we can train
a model to predict x-ray pulse conditions that connect to
relevant physical features.
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FIG. 6. Gaining interpretation by plotting the unprocessed emis-
sion spectra (y axis on the left-hand side) together with the
normalized SHAP interpretation score (y axis on the right-hand side).
The models are trained to predict (a) both x-ray fluence and pulse
duration, (b) only x-ray fluence, with a fixed pulse duration of 8 fs
+5%, and (c) only x-ray pulse duration, with a fixed fluence of
2 x 10° J/cm? £5%. In panel (b), emission lines are colored and
sorted by low (red) to high (yellow) incident fluence. In panel (c),
emission lines are color sorted by short (red) and long (yellow) pulse
durations. The approximate SHAP values are averaged over the ten-
fold cross-validation model ensemble using a background reference
signal constructed from normally distributed noise centered at —5
with a standard deviation of 1073,

Finally, we discuss our assumption of a flattop pulse
shape in the energy domain and a Gaussian shape in the
time domain to model x-rays. The bandwidth of a typical
SASE pulse is on the order of 1 x 1073 [7], corresponding
to ~12 eV for a central photon energy of 12 keV. Btachucki
et al. [64] reported shot-to-shot fluctuations around 50 eV.
Given the photon energy in this investigation well exceeds
the ionization threshold, we do not expect these variations to
modify the sample’s XES signal strength. Regarding the tem-
poral structure, we carried out simulations that demonstrated
a Gaussian-shaped pulse with identical fluence adequately
reproduces time-integrated emission spectra from a SASE
pulse shape (results not shown). Rohringer and Santra [65]
demonstrated double core hole formation to be sensitive to the
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chaotic structure of the FEL pulse. In line with this, we find
the highest discrepancy between the two pulse shapes around
the K2-KM; 3 emission line with a maximum difference in
total emission in the K8 region of roughly 15%.

IV. CONCLUSIONS

In this study, we propose a neural network method to
obtain real-time shot-to-shot x-ray pulse information on the
sample based on K-shell emission from sulfur atoms, which
are readily found in proteins. To test this method, we train a
fully connected neural network on synthetic emission spec-
tra computed with a collisional radiative code. We find an
accurate prediction of the fluence with normally distributed
relative errors with a standard deviation <1.5%. We also
train a model to concurrently predict both fluence and pulse
duration and achieve errors with a standard deviation below
12%. We identify spectral features with importance scores
obtained from three different interpretation methods (Gradi-
ent, SHAPS, feature occlusion), which we link to different
physically motivated electronic mechanisms that emerge due
to variations in the fluence and pulse duration of the incident
x-ray. This is a step towards including explainable artificial
intelligence to explain physical phenomena [34].

In this work, we assume a spatially uniform illumination,
which holds in the limit of a small crystal compared to the
beam’s focus. If the crystal is larger or comparable to the
beam’s focus, this assumption breaks down. A follow-up
study could focus on integrated emission spectra from varying
incident x-ray intensities to mimic spatial variations. Low
fluorescent yield from micron- to nano-sized crystals will pose
restrictions on the achievable signal-to-noise ratio. At present,
we have assumed a dynamic range of 3 orders of magnitude
from each emission spectrum. In an experimental setting, a
boost in x-ray emission signal could be initially mitigated
by working with clusters of heavy atoms, metalloproteins, or
crystals with heavy atoms [5]. A theoretical continuation of
this study, which requires a more expansive training dataset,
could focus on predicting sample stoichiometry and density
information, considering the stochastic temporal structure of
the x-ray pulse, as well as handling low signal-to-noise condi-
tions. The accuracy of the atomic model for the validity of the

results is important. The energies from atomic calculations are
most accurate for highly charged states. For low charge states,
these can nonsystematically differ by ~1 eV. Emission energy
calibration on some detectors requires identifying well-known
emission lines. We envision a model that can be success-
fully trained without needing a highly accurate calibration
approach. In this study, we used labeled data to train a neural
network. In an experimental setting, this labeling technique
might be possible by controlling experimental conditions. For
example, the pulse fluence can be linked to transmission fac-
tors by attenuating the beam and placing proteins on a solid
matrix (fixed target mode) [15] prior to an SFX experiment.
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