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Abstract

In this work, we present novel machine learning and differentiable programming enhanced
calibration techniques used to improve the energy resolution of the Silicon Drift Detectors
(SDDs) of the VIP-2 underground experiment at the Gran Sasso National Laboratory. We
achieve for the first time a full width at half maximum in VIP-2 below 180 eV at 8 keV,
improving around 10 eV on the previous state-of-the-art. SDDs energy resolution is a key
parameter in the VIP-2 experiment, which is dedicated to searches for physics beyond the
standard quantum theory, targeting Pauli exclusion principle violating atomic transitions.
Additionally, we show that this method can correct for potential miscalibrations, requiring less
fine-tuning with respect to standard methods.
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1. Introduction

The Pauli Exclusion Principle (PEP) is a key ingredient of
the quantum theory, and its violation, albeit tiny, could be
motivated by physics beyond the Standard Model, in scenarios
such as the violation of Lorentz invariance, existence of extra
dimensions, and quantum gravity scenarios, as discussed in
recent studies [1-3]. In this context, the VIP-2 experiment [4]
at the Gran Sasso National Laboratory (LNGS) searches for
signals of PEP violation in the form of anomalous x-ray trans-
itions in copper atoms, using several arrays of state-of-the-art
Silicon Drift Detectors (SDDs). In the VIP-2 experiment, the
SDD calibration is performed in-situ using fluorescence K,
and K x-rays lines from manganese and titanium, activated
by a Fe-55 radioactive source, and a copper K, line from the
target material, activated by residual environmental radiation,
around two orders of magnitude less intense. This approach
avoids the use of a dedicated x-ray source to be switched on
for calibration runs, and assures that the data can be calibrated
at any given point in time.

The PEP-violating K, transition in copper is expected to
appear just a few hundred of eV below the standard copper
K, line, and the upper limit on the number of PEP-violating
events in VIP-2 is determined through statistical analysis of
the data. Several key factors influence this limit:

e Data taking time: increasing the data-taking time improves
the available statistics and, consequently, enhances the limit.
However, the improvement depends roughly on the square
root of the integrated time.

e Stability and precision of the calibration: an optimal limit
setting requires stable and precise calibration. If the calibra-
tion is unstable, the statistical model of the data will degrade
the limit due to fluctuations in yields within the Region
of Interest (ROI). The precision of the calibration directly
impacts the limit setting, as a large systematic uncertainty
will degrade the limit.

e Detector resolution: the resolution of the detector affects
the upper limit. With the same number of signal events, a
sharper line would be more significant than a broader one,
which would be more compatible with background events.

In view of the experimental goal, and to ensure an accurate cal-
ibrated energy spectrum with minimal uncertainty in energy
scale and resolution, precise control to determine the copper
K, transition is required. However, the difference in yield
between the fluorescence lines and the copper line forces a
trade-off between energy scale uncertainty and resolution. If
the duration of the calibration batch is long enough, a good pre-
cision can be achieved on the copper line position. In this case,
however, the calibration will be unable to capture small fluctu-
ations on the SDDs response, worsening the energy resolution

when all the spectra are added together. Conversely, if the
calibration batch is short, the fluctuations could be captured,
but the uncertainty on the determination of the copper posi-
tion will be high, due to the low yield, again worsening the
energy resolution. Various peak-finder algorithms have been
tested to be used for a fit to the spectral lines, but at low yield,
standard methods are sensitive to statistical fluctuations, and
require extensive fine-tuning. Moreover, the fit does not pro-
duce a sufficient accuracy without well-placed initialization
of the parameters. Machine Learning (ML) techniques have
found great success in signal processing in the last decade, pro-
ducing stable results with substantially fewer calibration and
tuning requirements with respect to algorithmic methods (as
an example in deep underground detectors [5]).

In the field of spectroscopy, ML has been successfully
applied in the context of chemical characterization, classific-
ation, noise suppression, x-ray absorption spectra prediction
and more (for a non-exhaustive list of applications in infrared,
Raman and x-ray spectroscopy see e.g. [6—10]), however, the
calibration of detectors array in conditions of sparse data is still
a challenging task. While some applications have pioneered
the use of differentiable ML pipelines for detector optimiza-
tion [11-13], so far none of them have addressed the issue of
detector calibration.

In our experiment, we trained a deep neural network
on synthetic data reproducing the spectra’s features, using
Convolutional Neural Networks (CNNs), to predict the pos-
ition of the spectroscopic lines. Finally, the output paramet-
ers of the neural network are optimized by gradient descent
within an automatic differentiation framework, where the loss
function is expressed in terms of a likelihood function of the
data given the spectrum’s probability density function. The
application of this method demonstrates gains in the detector’s
resolution, additionally showing the capacity of recovering
miscalibrations.

The energy calibration of the SDDs is a critical experi-
mental task in many collaborations, and its accuracy is often
reflected in the precision of the final spectroscopic observables
in the form of systematic uncertainty, often the most relevant.
Systematic uncertainties related to the line positions are typ-
ically assessed from the linearity and stability of the energy
response of the detectors. As an example, in precision spectro-
scopy of exotic systems at colliders (see e.g. [14] for a review),
the total measurement uncertainty is largely dominated by the
energy response. The method presented in this work has broad
applicability to various spectroscopic measurements, offering
a substantial reduction in this important source of uncertainty.

We introduce the experimental setup, detector and data tak-
ing in section 2; in section 3 we describe the novel ML and dif-
ferentiable programming approach, and in section 4 the results
and discussion of the comparison with the standard approach.
Section 5 presents the conclusions of this work.
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Figure 1. Lateral and transverse view of the VIP-2 apparatus. The four SDDs arrays are placed in front of the target (copper strips), two on
one side, two on the opposite side [19]. A current of 180 A is circulated from the copper conductor to the target strips. The x-ray tube is not
used during the VIP-2 run, and the calibration is performed in-situ employing Ti and Mn lines activated by a Fe-55 source, see text for more

details. Reproduced from [19]. CC BY 4.0.

2. Experimental setup

The VIP-2 experiment at the LNGS is proving world-class
upper limits on the PEP violation probability in the open
system scenarios [15]. Protected by about 3600 m of water-
equivalent shielding of the Gran Sasso d’Italia massif, and by
lead and copper walls, the experimental setup employs SDDs,
housed in a vacuum chamber and placed around a copper tar-
get, where a strong direct current is circulated to provide elec-
trons to test PEP. The SDDs [16, 17] are ideal detectors for pre-
cision x-ray spectroscopy, having so far demonstrated a resol-
ution of about 190 eV Full Width at Half Maximum (FWHM)
at 8 keV [18, 19]. Those used in VIP-2 were developed in a
collaboration between Stefan Meyer Institute of the Austrian
Academy of Sciences, the Politecnico di Milano, INFN-LNF
and Fondazione Bruno Kessler [20]. The thickness of 450
um, an active area of 0.64 cm? and an efficiency of 99% at
8 keV allow for great physics reach and satisfy the scientific
requirements.

The four SDD arrays of VIP-2 are placed parallel to
the target surface, two on one side and two on the oppos-
ite side, each array having 2 x 4 SDD cells, and being
operated at a temperature of —90° C. The vacuum cham-
ber, where the SDDs and their front-end electronics are loc-
ated, is operated at about 10~ mbar. The VIP-2 apparatus is
schematically shown in figure 1 with more details provided
in [19].

2.1 Data

The data used in this work, aiming to test the novel techniques,
corresponds to about a month of acquisition during 2022/2023
data taking campaign of the VIP-2 experiment. During this
period, no current was circulated on the target. The spectrum
calibrated with the standard approach is shown in figure 2,

X VIP-2 Experiment
Ti K P

10*

10°

Entries / 10 eV

10?2

7000 9000
Energy [eV]

10000

Figure 2. VIP-2 energy spectrum calibrated with the standard
approach in the energy range 4000-10 000 eV. The spectroscopic
lines are indicated on the plot. This spectrum corresponds to about
1 month of data taking, and it is used as baseline for this study.

where the calibration lines, Ti K, Ti Kg, Mn K, Mn Kz and
the copper K, and K g lines are indicated.

The batch used for the optimization study is around 2 days
of data taking, while the standard calibration batch previously
used for the VIP-2 experiment is around a month.

The self-triggered preamplified SDDs signals are read out
by the front end electronics for all the detector channels. The
raw data were saved in Analogue-to-Digital Converter (ADC)
channels, together with the time information. A preprocessing
step was performed, removing overflow events, as well as SDD
channels without spectroscopic response.

3. Method

In section 3.1, we employ a ML approach used to predict the
centroids of the spectroscopic peaks, less sensible to statistical
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Figure 3. On the left, the schematic of the architecture employed on VIP-2 data. The input is taken from two parallel convolutional
networks. The first one has kernels of bigger size, in order to learn features of higher scales, the second one has a smaller size, which instead
is applied with maximum granularity. The combined output is then used as input to three layers of a fully connected network, where the
output nodes are the normalized position of the calibration peaks. In the diagram, orange represents a convolutional layer, pink a dropout,
red a max pooling, teal a flatten layer, and green a fully connected one. On the right, the per-spectrum average of difference between
predicted and true centroid from simulated data, for the CNN, peak finder and LSTM. The result shows a good agreement within ten ADCs,
and a superior performance of the CNN with respect to the peak finder and LSTM. In case of the peak finder, mis-identified peaks are

conservatively not included.

fluctuation than standard peak-finder algorithms (section 3.1).
In the following section 3.2 we introduce a novel approach
based on differentiable programming to optimize the calibra-
tion of the SDDs, reaching below 180 eV FWHM at the copper
line.

3.1. Identification of the spectroscopic centroids at low yield

We employ a neural network architecture trained on synthetic
data, reproducing the features of the real data. The model
architecture is described in figure 3(left), using two convo-
lutional towers to learn features of bigger and smaller kernel
size. The model architecture is inspired from the image recog-
nition architectures [21]. The synthetic data is produced with
large differences in peak positions, widths and relative amp-
litudes, in order to stabilize the performance even in case of
important fluctuations. This conservative approach assures sta-
bility of the method in a wide range of cases. This training data
was generated as follows:

e The initial peak position were set to 800, 950, 1100, 1200,
1500, corresponding to Mn, Ti and Cu peaks, represent-
ing most typical ADC values found in data. Each generated
spectrum includes these peak positions, which are further
randomly and independently shifted within twice the width
size for the calibration lines and five times the width size for
the copper line.

o The peak widths were chosen at 20 ADC, with 20% random
variation.

o The relative yields of the lines were independently and ran-
domly varied within 50% and 200% of the most typical val-
ues found in data.

o The total yield was randomly varied down to 5% to simulate
sparser spectra.

e The continuum was modeled with three different compon-
ents, two for the calibration lines and one of for the copper
region. A shoulder was added to reproduce the transition to
the copper region.

The validation data was randomly extracted from 30% of the
entire synthetic dataset.

3.1.1. Network architecture. ~ The network is a CNN with two
branches. The input is a 1D sequence of length 300, which
represent the uncalibrated energy spectrum. The convolutional
branch consists of two 1D convolutional layers with Rectified
Linear Unit (ReLU) activation. The first layer has 5 filters and
a kernel size of 50; the second layer has 5 filters and a ker-
nel size of 10. Max pooling is applied with a pool size of 2.
The size of the kernels and pooling were optimized upon con-
sideration of the feature sizes and peaks structure. The dense
branch starts with a 1D convolutional layer with 5 filters and
a kernel size of 1, followed by a dropout layer. The outputs of
both branches are flattened and concatenated, and three dense
layers with ReLU activation are applied, with 500 units, 50
units, and 5 units respectively. This network architecture cap-
tures local and global patterns in the input data through convo-
lutional operations, pooling, and dense layers. The final layer
produces the network’s output with the five node representing
the position of the five spectroscopic centroids.

3.1.2. Benchmark. =~ We use another ML approach, and a
classical peak finder algorithm [22, 23] as benchmarks to eval-
uate this network. Most of the common ML technique can be
adapted to treat 1D sequences. However, their training time,
performance metrics, interpretability and robustness can vary
depending on the architecture design, the challenge to solve
and the available hardware.
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Apart from CNN, Recurrent Neural Network (RNN) and
transformers are common architecture that can handle sequen-
tial data. Long Short-Term Memory (LSTM) [24] is a type of
RNN that employs memory cells and gates to control the flow
of information, and allowing the network to remember inform-
ation for longer periods. Although LSTM is commonly used
in natural language processing, where the precise order of the
input sequence is important, in this work, retaining inform-
ation about the entire structure of the spectrum, as done by
RNNS, is not strictly a requirement. Additionally, LSTM net-
works are known for much longer training times with respect
to CNN (about an order of magnitude [25] due to the more
complex architecture layout). However, since these networks
have been employed as robust peak detection in health applic-
ations (e.g. [26]), we construct a LSTM with two bidirectional
layers, each having 64 LSTM units (deeper than the architec-
ture used in [26]), followed by the same fully connected layers
0f 500, 50 and 5 units as mentioned above. The LSTM network
was trained on the same synthetic data used for the training of
the CNN.

3.1.3. Performance. The trained model is subsequently fine-
tuned on synthetic data, but with much lower statistics, for
the CNN and benchmark LSTM. The CNN model, could
be trained successfully on commercially common hardware
(Intel(R) Core(TM) i5-9600 CPU @ 3.10GHz), while the
LSTM required dedicated GPU (NVIDIA Tesla T4). On
figure 3 (right), the absolute error of the network prediction
with respect to the true values used to generate the data is
shown, for the CNN (blue) and LSTM and peak finder bench-
marks (orange and red). The standard deviation of the dis-
tributions are about 4.6 (CNN), 5.8 (LSTM) and 4.9 (peak
finder) ADC channels, or around 19, 25 and 21 eV (the pre-
cise value depends on each SDD channel), respectively. The
CNN is found to outperform the LSTM approach, and even
the peak finder by almost 20% in precision of the peak iden-
tification. Additionally, while the CNN and LSTM identified
100% of the peaks, the peak finder did not identify 25% of
them. This method demonstrates stable performances even for
low count numbers, corresponding to small integrated times,
mitigating the need for extensive fine-tuning of the algorithms,
and offering high precision of the reconstruction. In figure 4,
the ADC spectrum of a single SDD acquired in 2022 by the
VIP-2 experiment, together with the corresponding neural net-
work prediction, are shown.

The predicted centroids were then used as seeds for a
subsequent shape fit. Finally, the calibration constants were
derived assuming a polynomial energy response:

E = C(ADC, pg,pi1,p2) = po +p1 x ADC + py x ADC>.
(1)

The SDDs energy response is known to have a linear
dependency on the ADC [27], however a quadratic term
was also introduced to correct for possible distortions at the
level of the front-end electronics. Additionally, the relatively
simple form enables a differentiable programming approach,
as shown in the next subsection.

3.2. A differentiable programming approach to calibration
optimization

Differentiable programming is a computational paradigm that
enables the automatic differentiation of mathematical func-
tions, making it a valuable tool for scientific computing and
ML, already pioneered in High Energy Physics [11-13].
Within this paradigm, it is possible to employ high-level syn-
tax to form fully differentiable complex models that can be
optimized using gradient-based methods. The key feature of
differentiable programming is its ability to automatically com-
pute function gradients with respect to their inputs. This is
achieved through a process called reverse-mode automatic dif-
ferentiation, which propagates gradients backward through the
function graph using the chain rule of calculus. This allows
for efficient computation of gradients, even for functions with
numerous inputs and outputs.

We used an approach based on differentiable programming
to optimize the py, p; and p, constants for each one of the
32 SDD cells and for each calibration batch. For this pur-
pose, JAX [28], an open-source numerical computing library
designed for high-performance ML research, was used.

Since we are dealing with three calibration constants for
each i € 1...N calibration batch, we define the calibration
matrix as:

Po,1 P11 Pz,l—

poi Pli P2i| - (2)

\PO.N PIN P2N]

The goal is to optimize this matrix to get a better spec-
troscopic response of the SDDs. In order to do that, lever-
aging differentiable programming, we need to define a loss-
function. We define a likelihood-based loss-function, taking
into account the shape of the copper K,, line, since it is the
closest to the PEP violating ROI (7000-8500 eV):

L(ADC,P) = H H (GaUSS(C(ADCiJ,Pi) — ficux_,»0)
i jei
+ T (Gauss(C(ADC;, P;)))
+ Gauss(C(ADC;, P;) — picu_, )

+ Tz(G&USS(C(ADCiJ,Pi)))) (3)

where ADC; is the jth value of the ADC in the batch i, Gauss
is the Gaussian distribution, K, = 8047.8 eV, K, =
8027.8 eV [29, 30], and o the width. P; is the set of calibra-
tion constants {po ;,p1.i,p2.;} in the ith batch. Finally, the two
contribution 7'} and T, are the tail functions, which reproduce
incomplete charge collection [31], and are written as:

X—Vv 1
m*m) @

with A; the normalized amplitude of the tail, S the tail’s slope,
erfc the complementary error function. v is pucy,  for i=1
and Kcug, fori=2.

A; v 1
L x e P7 287 x erfc

70 =
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Figure 4. The ADC spectrum of selected SDDs (17, top left; 12 top right; 18 bottom) taken by the VIP-2 experiment in 2022, which exhibit
a similar, yet slightly different relative yields. The orange lines are obtained by the neural network prediction, and are found to correctly
identify the spectroscopic lines of interest (titanium, manganese and copper), even with low counts and statistical fluctuations in all the
considered cases. The red lines represent SciPy peak finder algorithm, with the algorithm parameters printed on the top right of the plot.
Due to the different levels of statistical fluctuations, the algorithm does not identify copper K, (SDD12) and Ti K3, Mn K3 (SDD18) with
the same set of parameters, requiring extensive calibration and fine-tune.
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Figure 5. The value of the Log Likelihood defined in equation (3)
as a function of the number of iterations in the gradient-descent.

The gradient of this function with respect to the calibration
parameters P is computed with JAX, allowing the optimiza-
tion. For enhanced numerical and convergence stability, the
logarithm of the likelihood is used.

We find that already after 40 iterations, the optimization
converges to a maximum, as shown in figure 5.

Additionally, as a cross- and sanity-check, we quantified
how much the optimized calibration parameters differ from the

reference, by studying (R — uQM) /o pRe!, where 1Re' is the

50

40

# Entries
w
S

N
o

10

-4 -1 0 1 4

(il = ueEonfef

Figure 6. The relative difference of the Cu K, positions before and
after gradient descent, normalized with respect to its statistical error.

reference Cu K, centroid position with statistical error o p&¢t,

and ugﬁt is the one corresponding to the optimized parameters.
The statistical error is obtained from the fit in MINUIT [23].

The histogram of these relative differences is shown in
figure 6, where it can be seen that the vast majority of the
centroid displacements following the optimization procedure
are well within the 1o statistical error of the fit, ensuring that
the optimization is not significantly changing the calibration
parameters, as expected.
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Figure 7. The copper line before (blue) and after (orange) the
optimization, corresponding to the entire dataset. The solid lines
represent the best fits to the spectra, in the energy range
7000-8500 eV, which is the experimental ROI of the VIP-2
experiment. The quantitative comparison of the two spectra is

presented in table 1 in terms of peak position, FWHM and reduced

X

Table 1. Comparison of reference and optimized positions, FWHM,
and 2 /ndf.

Position (eV) FWHM (eV) X* /ndf
Reference 8050 + 1 185 +2 1.64
Optimized 8048 + 1 175+ 2 1.27

4. Results and discussion

In order to assess the overall gains of the method, we compare
the two FWHMs of the copper K, line after and before the
optimization. In this work, we focus on the K, since we expect
the PEP violating transition in copper; however, this method
can be applied to any other spectroscopic property. In figure 7
the blue spectrum represents the reference data and the orange
spectrum the data obtained with the enhanced calibration pro-
cedure, for the entire dataset. The energy range in the figure
is the ROI of the VIP-2 search for PEP violation in copper.
As it can be seen, the copper peak results to be more promin-
ent, and with a smaller width. We quantify the enhancement of
these spectroscopic qualities with a fit to the line shape. The
best fit is shown as a blue and an orange line on the plot, and
the best fit values are reported in table 1, where the values of
the peak position, FWHM and reduced x? are reported.
The fit function used to describe the shape is:

51
fx, A p,0) =A X 100 x Gauss (x — pp — 20,0) + T, (x)

+A x Gauss (x — p,0)+ T (x) + mxx+C
(%)

where the first term describes the K., with relative intens-
ity 51/100 and the second term describes the K,;. About
20 eV is the energy difference between the two, and the con-
tinuum background is found to be best described with a linear
function. The two contributions 7 (x) and T, (x) are the tail

functions included to reproduce incomplete charge collection
as defined above.

The results of the fit demonstrate that the ML and differ-
entiable programming approach have yielded improvements
in each of the examined parameters. In particular, the peak
position in the optimized procedure has shown to correct for
the residual miscalibration, and the centroid value is com-
patible with tabulated 8047.8 eV, well within the statistical
uncertainty of the fit, substantially reducing the impact of the
energy scale uncertainty. The FWHM of the line has reached
below 180 eV for the first time in VIP-2, showing a substan-
tial improvement with respect to traditional methods used in
the past. Finally, the reduced chi-squared, used to quantify the
agreement of the data against the model, also shows improve-
ment, indicating greater compatibility between the data and
the model.

4.1. Discussion

In this work, we proposed a twofold approach to enhance the
detector calibration, particularly when dealing with challen-
ging features in spectra, such as those found in VIP-2 data.
Firstly, we utilized CNNs, which demonstrated performance
gains in precisely identifying the positions of spectroscopic
peaks. CNNs are well-suited for CPU training, fast prediction,
and easy interpretation. RNNs, such as LSTM, and attention-
based ML architectures are powerful tools extensively used
in natural language processing, thanks to their capability to
retain information across the entire sequence. However, in the
context of spectroscopic data, this characteristic may not be
as beneficial. Unlike natural language, where the sequence’s
structure is crucial, spectroscopic lines’ properties are primar-
ily influenced by their immediate surroundings, rather than by
the entire spectrum. The CNN architecture we have presented
in this work captures features with different size through the
use of two parallel convolutional towers with different kernel
sizes, enabling its use also on data with low yield.

In the second part, we have introduced a completely novel
approach to detector calibration optimization based on differ-
entiable programming. In general, the calibration process is
performed leveraging known processes or quantities to char-
acterize the response of a detector system, which also could
change as a function of time and other relevant physical quant-
ities such as temperature, pressure or electronic conditions.
Several steps can be taken to increase quality and the precision
of the calibration, such as assuring the stability of the exper-
imental setup, acquiring calibration data with the sufficient
statistics and so on. Often this poses a challenge to the meas-
urement design, which must carefully consider this factor.
Additionally, the degree of precision achievable in energy
calibration typically represents the most relevant systematic
uncertainties. With this new technique, as we have shown,
a regression is performed on the initial calibration paramet-
ers, with respect to the precision of the final reference observ-
able. Arbitrarily complex calibration chains, even with higher
dimensionality, could employ this technique, making it applic-
able downstream of each calibration step.
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Following this study applied to the most recent VIP-2 data,
we outline the advantages this method brings with respect to
the physics reach of the VIP-2 experiment. First, in the ana-
lysis of the 2020 VIP-2 data [19], the energy scale uncertainty
was included to reflect the differences in scale between cal-
ibrated spectrum and standard lines, originating from the cal-
ibration procedure. With the new approach, and its capabil-
ity to correct for potential miscalibration, we show that this
effect will be substantially reduced. Second, the reduced chi-
squared shows that the data calibrated with this method have
a higher degree of compatibility with the model, ensuring a
more coherent description of the background and of the spec-
troscopic lines. The PEP signal description at 7.7 keV relies on
the accurate knowledge of the continuum background, and the
energy scale. Finally, the better energy resolution in the form
of a smaller FWHM assures a higher discovery significance
of the signal, since the PEP-violating line would appear more
prominently above the background.

5. Conclusions

The VIP-2 experiment at LNGS is searching for signals bey-
ond the standard quantum theory, namely PEP forbidden trans-
itions in copper, possibly connecting Lorentz invariance, extra
dimensions and quantum gravity to atomic x-ray phenom-
ena. The SDDs are optimal tools to inspect this energy range.
However, so far their energy resolution in VIP-2 has typically
never gone substantially below 190 eV. We have applied in
this work an approach to leverage the calibration procedure in
order to push the FWHM of the copper line at the hardware
limit. We have trained a neural network with synthetic data as
peak finder to exploit the peculiar spectrum and in-sifu calibra-
tion lines even at low yields, enabling the use of much smaller
calibration batches. The network output was then used as input
in a fully differentiable framework, where the loss function
was described in terms of the agreement with the copper line
as a likelihood. The gradient descent has shown substantial
improvements of the spectroscopic properties of the detectors,
both in terms of the compatibility of the line with its two com-
ponents, and by bringing for the first time in VIP-2 the SDD’s
FWHM at 8 keV below 180 eV. Last, but not least, the method
has shown to correct for small miscalibrations. This novel
approach has the potential to improve the physics capabilities
with enhanced calibration. For VIP-2, this translates to several
advantages: a smaller energy scale uncertainty, better control
over the background in the ROI, and consequently a higher
discovery significance for PEP violating signals. We plan to
employ this method on the entire VIP-2 dataset. Furthermore,
we plan to explore the advantages it yields in experiments
which strongly rely on the precise determination of spectro-
scopic lines in the x-ray domain, such as the SIDDHARTA-2
experiment [32] at the DAPNE collider.
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