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1. Introduction

Serial Femtosecond X-ray crystallography (SFX) is
an experimental technique that captures the struc-
ture of protein crystals at room temperature. This
technique uses X-ray Free Electron Lasers (XFELs),
powerful light sources that produce ultra-short and
high-brilliance X-ray pulses, to capture single diffrac-
tion patterns from thousands of weakly diffracting
small crystals before they are destroyed-a process
known as "diffraction before destruction" [1]. Ad-
vances in Al for biophysics, in particular AlphaFold
[2], [3] which incorporates data partially derived from
X-ray sources, are shifting the focus of scientific re-
search from static structures to exploring protein dy-
namics at high resolution, a vastly unexplored field
for which limited data is available. Although powerful
and already routinely used for studying the confor-
mational landscape of proteins, SFX experiments are
affected by inherent fluctuations in X-ray pulse gen-
eration which requires accurate monitoring of the
beam fluence and pulse duration.

X-ray emission spectra (XES) have been used in
concurrence with SFX [4], [5] enabling the character-
ization of the electronic structure of proteins. The
high sensitivity of XES to the beam properties pro-
vides a way for beam diagnostics. A simple schematic
of the experimental set-up is shown on Fig. 1. This
study has a two-fold goal. First we explore the feasi-
bility of using XES from protein crystals for real-time
shot-to-shot X-ray pulse characterization. To do this,
we train a deep neural network on synthetic emission
spectra to predict fluence and pulse duration. The
second goal delves into the gaining physical insights
from the trained model. We apply explainable AI
techniques [6] to identify spectral features influenc-
ing predictions. Ultimately, this work highlights the
potential of extracting critical X-ray pulse parame-
ters, providing a reliable and interpretable Al-driven
approach for enhancing XFEL experiments and ad-
vancing real-time diagnostics.

2. Methodology

XES can be performed in principle at any region
available with an X-ray light source, but the low pho-
ton count from X-ray exposure requires the use of
high-repetition rates and several of shot averages [5].
We therefore decided to focus our efforts in the sul-
fur Ka emission region which has already been de-
tected from single shots of ammonium sulfate [7].
Plasma simulations, based on non-local thermody-
namic equilibrium collisional radiative code [8], [9],

Fig. 1: Combined SFX and XES scheme. A liquid jet
injection system delivers microcrystals (shown in
the inset at the top right) into the path of the ultra-
fast X-ray beam. The resulting diffraction pattern
is recorded on a 2D detector (bottom right), while
emitted X-rays from the sample are directed toward
a spectrometer for XES measurements (on the left).
The overlaid spectra represent X-ray emission spec-
tra from our own dataset.

were performed to generate two datasets of sulfur
K-shell emission spectra from a lysozyme crystal un-
der varying X-ray fluence and pulse duration. This
code has been routinely used to provide insight on
XFEL experiments [10]-[12] and tested within the sul-
fur K-shell, providing good match with experiments.
The first dataset consists of 6000 time-integrated K
shell sulfur emission spectra. For the generation of
the synthetic data, we uniformly sample the fluence
range 5e3 — 55 J cm ™2, to obtain an even sampling
of the fluence, and fix the pulse duration to 10 fs, pho-
ton energy to 12keV and bandwidth to 1 %. We also
generated a dataset with varying fluence and pulse du-
ration, using 21 000 emission spectra sampled from
5e2 — 5¢e5Jem~2 fluence and 3-30 fs pulse duration.
These spectra serve as input for a fully connected
feedforward neural network trained to predict in a
first instance only fluence, and then retrained to pre-
dict fluence and pulse duration concurrently. Exper-
imental emission spectra often require calibration,
which may not always be feasible in real-time. To get
closer to an experimental scenario, we pre-process
the synthetic spectra by: linearly interpolating to 1000
uniform points, applying min-max normalization to
decouple intensity from emission magnitude, aug-
menting data by introducing random shifts to remove
baseline dependence, and adding noise with a 0.1%
standard deviation. We construct a fully connected
feedforward neural network with four hidden layers
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Fig. 2: The top panel displays stacked X-ray emis-
sion spectra across a range of emission ener-
gies, with sulfur emission intensity shown in ar-
bitrary units. The lower panel plots two model in-
terpretability metrics—gradient-based (blue) and
SHAP (green)—indicating the regions of interest in
the spectra that most strongly influence the model’s
predictions.

containing 384, 128, 1024 and 448 nodes. The choice
of the number of layers and nodes was motivated
by hyperparameter tuning performed using Keras-
Tuner [13]. The hidden layers employ ReLU activa-
tions, and the output layer uses a linear activation.
The dataset is split into 80% training and 20% testing.
A 10-fold cross-validation ensures robustness. Train-
ing is performed with mean squared error loss, batch
size 16, and 500 epochs, optimized using Adam with
a dynamic learning rate ranging from 1073 to 1072,
decreasing when validation loss stagnates. We gain
interpretation of our model using gradient-based,
SHAP, and feature occlusion methods.

3. Results and Discussion
3.1 Predicting X-ray Pulse Fluence and Pulse Duration
Our model provides fluence estimates with a stan-
dard deviation of 1.41 %, for comparison, current ex-
perimental methods for diagnostics and monitoring
of beamlines [14]-[17] assume no transmission losses
through the X-ray optics and provide an absolute ac-
curacy of only slightly less than 10 % [14]. For concur-
rent predictions, the model achieves relative errors of
11.8 % for fluence and 9.4 % for pulse duration. We an-
alyze feature importance using Gradient and SHAP in-
terpretation methods, as shown in Fig. 2. The model
assigns highest importance to Ko transitions, particu-
larly shifts at 2.29-2.35 keV caused by highly charged
sulfur ions. These results confirm fluence-dependent
spectral broadening and indicate the potential for
using sulfur XES as a diagnostic tool. SHAP analysis
reveals distinct spectral signatures for fluence and
pulse duration predictions. While fluence correlates
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Fig. 3: Ensemble predictions with and without apply-
ing feature occlusion to the spectra were compared
to fluence levels. The dots correspond to the en-
semble’s mean and the error bars to the standard
deviation of each prediction. At lower fluence, the
relative uncertainty increases, yet the uncertainty
is higher when the Ko or K regions are completely
occluded, as illustrated in the inset. The inset dis-
plays three examples for each labeled prediction
in the plot with corresponding color-coded letters.

with K to L shifts, pulse duration is linked to KLy 3
double core hole emissions. Shorter pulses lead to
increased core-hole creation before relaxation, alter-
ing emission signatures. These findings demonstrate
that neural networks can extract pulse characteris-
tics directly from sulfur XES, offering a pathway for
real-time XFEL diagnostics.

3.2 Feature occlusion

To investigate the model’s robustness and its de-
pendence on specific spectral regions, we occluded
random parts in the input spectra. We doubled the
original dataset creating a copy of each spectrum
and randomly masking 20% by setting these values
to zero. We then applied 10 fold cross-validation on
the dataset with partially occluded spectra. Fig. 3
shows the ensemble-averaged predictions along with
their standard deviations for the test dataset. Most
of the ensemble predictions show small uncertainty,
although few outliers are present. Closer inspection
of these outliers (in the figure inset) indicates that
they occur when KL, 3 double core hole emissions
or double core hole L to K (K?ML;) and single core
hole M to K (KM;) emission lines are completely re-
moved. This observation is consistent with our ear-
lier insights from SHAP and saliency, reaffirming the
model remains largely robust if at least part of the Ko
and Kf regions are present.
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