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Abstract

Dark matter is a theoretical form of matter which interacts gravitationally but

does not interact with light. One of the most promising dark matter candidates is

the weakly interactive massive particle (WIMP), which is the focus of the Super

Cryogenic Dark Matter Search (SuperCDMS) experiment at SNOLAB, Ontario.

The experiment aims to detect the nuclear recoils of WIMPs colliding with the target

nuclei of its detector crystals. This report summarized our work training and using

a machine learning (ML) model to reconstruct real position and energy test data

from the Cryogenic Underground Tower Test (CUTE) facility using Germanium

high voltage (HV) detectors. The model, a histogram gradient boosted regressor

(HGBR), was trained using Detector Monte Carlo (DMC) samples. To account for

more energy sharing observed in the CUTE data than in the DMC sample, we tested

two forms of energy rescaling: a nonlinear rescale and a linear rescale applied to the

DMC sample before training. We plotted RadialPar, a parameter used to see the

correlation between energy sharing and radius and found the linear rescale model

caused discontinuities in the plot, while the nonlinear rescale model appeared to

accurately reconstruct RadialPar. We used the nonlinear rescale model for the rest

of the analysis. We examined the effects of the rescale on the model resolution and

found that the radial and X resolution worsened slightly, the Y resolution improved,

and the Z and energy resolutions remained the same. The radial reconstruction for

the K-shell improved after energy scaling, although did not reconstruct events all

the way down to the center of the detector. There was also a large concentration

of events reconstructed at the surface of the detector. We found the same for the

L-shell radial reconstruction. The X and Y distributions for the K- and L-shells

were uniform following energy rescale. We found that plotting
√
X2 + Y 2 yielded a

smoother distribution than the original radial distribution for the K-shell, although

there was still a slight peak at large radii. The energy distributions were also

reconstructed for the K- and L-shell. The expected energy peaks were 10.37 keV

and 1.30 keV while our reconstructed energy peaks were at 12 keV and 3.5 keV for

the K- and L-shell, respectively. These results indicate there are still issues with

the energy rescaling and calibration of the DMC.
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Introduction

Dark Matter

There are a multitude of scientific obser-

vations which support the existence of dark

matter. One prominent example was the ob-

servation of the rotational velocity curve of

the Andromeda galaxy (M31) observed by Ru-

bin and Ford in 1970 [2]. If all of M31’s mass

were baryonic, the rotational velocity curve

shown in Figure 1 would decrease as r−1/2 at

large radii [8]. However, the figure shows that

the actual curve appears constant for large

radii, which was only possible if the galaxy

contained a large amount of non visible matter

at large distances from its center .

Figure 1: The figure shows the extented ro-
tation curve of the Andromeda Galaxy. In
red is the expected decrease and in green is
the actual observed trajectory. Courtesy of
Daniel Murnane [5].

This evidence, along with temperature fluc-

tuations in the cosmic microwave background

radiation, gravitational lensing, dynamics of

colliding galaxy clusters, and other discoveries

that cannot be explained by baryonic matter,

imply the existence of dark matter.

SuperCDMS Experiment

The Super Cryogenic Dark Matter Search

(SuperCDMS) is a direct particle detection

experiment which aims to detect the nuclear

recoils of Weakly Interacting Massive Particles

(WIMPs) colliding with target nuclei. WIMPs

are one of the most promising candidates for

dark matter. WIMPs are theorized to interact

only with a weak force, which makes their de-

tection a challenge. The sensitivity required

to detect these nuclear recoils therefore neces-

sitates detectors with excellent background

discrimination and shielding from outside ra-

diation and cosmic rays. SuperCDMS is one

such direct detection experiment, building

off of previous CDMS experiments to probe

masses below 10 GeV/c2 with greater sensi-

tivity than previous experiments [11]. The

detectors are shielded, located underground,

and employ two types of detectors to achieve

the desired background discrimination.

The design of the SuperCDMS detectors

makes it possible to reconstruct the position

and energy of events, which is crucial for back-

ground rejection of electron recoils and of

events occurring on the surface or outside

the detectors [3]. However, the resulting data

files are large and complicated, making it dif-

ficult to extract useful information. Machine

learning (ML) techniques are thus needed to

extract the position and energy information

from the raw signal data [3]. The ML tech-

niques used in this report build on Matthew

Penner’s work detailed in his thesis ”Position

Reconstruction for the SuperCDMS Exper-

iment” [7]. To train the models, we used a
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sample from the Detector Monte Carlo (DMC)

simulation. To test the trained model on real

data, we used data taken from Run 37 for

Tower 3 testing at the SuperCDMS collabo-

ration’s Cryogenic Underground Tower TEst

(CUTE).

Background

Detector Design

The detectors are housed in towers kept

in a copper cryostat connected to a common

dilution refrigerator capable of keeping the

system at temperatures as low as 15 mK [11].

The cryostat is capable of housing 31 detector

towers and houses four as a baseline [11]. The

detectors themselves are cylindrical crystals

of either germanium or silicon, with diame-

ters of 100 mm and thicknesses of 33.3 mm

[11]. SuperCDMS uses two different detector

designs to improve performance. High Volt-

age (CDMS-HV, or just HV) detectors have

excellent phonon sensor resolution in order

to measure the lowest dark matter masses

[11]. Interleaved Z-dependent Ionization and

Phonon (iZIP) detectors measure both ion-

ization and phonon signals to discriminate

between nuclear recoil signals and electron

recoil backgrounds for masses as low as 3

GeV/c2 [11]. The combination of these de-

tectors allows excellent background discrimi-

nation while searching for the smallest dark

matter masses.

Figure 2 shows a simplified schematic of

the interaction between a WIMP and a target

nucleus in the detector. The collision gener-

ates an electron-hole pair and phonons which

propagate through the crystal to be collected

by the sensors. The bias voltage amplifies

the production of phonons via the Neganov-

Trofimov-Luke (NTL) effect to improve the

phonon sensor resolution [11].

Figure 2: Figure shows the detector response
to a WIMP particle detection. Image courtesy
of Noah Kurinsky and Paul Brink [4].

The detectors use Quasiparticle-trapping-

assisted electrothermal-feedback Transition-

Edge Sensors (QETs) to measure the ather-

mal phonon energy produced from particle

interactions [11]. Superconducting aluminum

fins are attached to the detectors in order to

absorb the athermal phonons. The energy

from this absorption breaks Cooper pairs in

the Al fins, generating quasiparticles. A sub-

set are then absorbed by tungsten Transition

Edge Sensors (TESs), which causes a change

in the electrical resistance of the tungsten.

The electrothermal feedback required to re-

turn the TES to its nominal operating resis-

tance provides a calibration for the received

energy and generates the phonon signal as a

smooth trace. Because the athermal phonons

propagate quasi-ballistically through the crys-

tal, the phonon signal carries event-position
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information needed for a “fiducialization” cut

which removes events at the detector surface

[11]. To access this information, the phonon

sensors are partitioned into multiple channels.

The phonon channel layout for a HV detector

is shown in Figure 3. Both detectors have 12

such phonon channels, with 6 on each side [11].

For the HV detectors, the phonon channels

are named P*S1 and P*S2 for either side of

the detector, with * ranging from A-F. We will

be focusing on the Germanium HV detectors

for this report.

Figure 3: Phonon channel layout on either
side of a HV detector. TESs are also labelled.
Image courtesy of Noah Kurinsky and Paul
Brink [4].

Simulation

The simulation is split into two main

stages. The first stage of the simulation,

called SourceSim, simulates incident particles,

calibration sources, and background sources.

The second stage DetectorSim starts with sim-

ulating the detector response to interactions

inside the crystal and is comprised of three

components: CrystalSim, TESSim, and FET-

Sim. CrystalSim simulates the propagation of

phonons and charges in the crystal, TESSim

simulates the TESs, and FETSim simulates

the charge readout [3]. Next, noise is added

to the pulse using DAQSim, which uses

Power Spectral Densities (PSDs) of real noise

recorded from previous CDMS experiments

[3]. The pulses are then processed using the

reconstruction package CDMSBats, which

shifts the data to align the signal with a

pulse template derived from real data. The

outputs include Reduced Quantities (RQs)

describing the shifts made, with the phonon

channel pulse amplitudes (P*OFamps) and

time delays (P*OFdelay) as well as the total

phonon amplitude (PTOFamps) being the

most relevant to this report 1. We refer to

the samples as DMC samples.

DMC samples undergo two types of cal-

ibration before being used to train ML

models: standard calibration and relative

calibration. Standard calibration converts

values with units µA to units of energy (keV).

Relative calibration is used to make the

channel responses as identical as possible in

order to reconstruct the energy properly. To

understand, consider if some channel P*S1

was compared to another channel P**S1,

and it was observed that P*S1 was degraded

and only recorded 60% of the total energy.

This would cause the same event to be recon-

structed with different amplitudes depending

on its proximity to either P*S1 or P**S1.

Relative calibration is therefore necessary for

events to be reconstructed accurately.

1The ”*” represents the phonon channel A-F.
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Machine Learning

The basis for the code used comes from

Matt Penner’s SuperCDMS Event Reconstruc-

tion, which in turn builds upon Getin Qin’s

research in the paper ”Ensemble Learning

Model for Improving Position and Energy

Resolution for SuperCDMS” [7]. This code

was further cleaned up and edited by Dr.

Madeleine Zurowski and Warren Perry. The

training starts by initializing an Estimator

class, which is done by defining an ML model,

a list of observable parameters the model will

use to make predictions, a list of parameters

to reconstruct, and a function which reformats

the data. The observable parameters used in

this report are P*OFamps, PTOFamps, and

P*OFdelay, while the reconstructed param-

eters are the energy, X, Y, Z, and R posi-

tions. After matching the observables with

the DMC positions, the events are saved in a

CSV file. The reconstructed radial parameter

is the most relevant here, and will be the main

parameter studied in this report. Because the

crystal is a uniform cylinder, we expect the

number of events to increase uniformly with

radius.

We will also use the parameter ”RadialPar”,

defined by

RadialPar =
PF − PA

PF + PA
, (1)

where PF = PFS1 + PFS2 and PA =

PAS1 + PAS2, to check the quality of the

reconstruction. Because we can expect events

occurring near the center of the radius to

be detected more by the central PF chan-

nels and vice versa for events occurring near

the edge for PA channels, we will expect an

anti-correlation between RadialPar and radius.

We used a Histogram Gradient Boosting

Regressor (HGBR) model from the Python

library scikit-learn. A HGBR model is an

ensemble model which builds a sequence of

decision trees, with each new tree trained to

correct the errors of the predictions of all pre-

vious trees [7].

To test the model’s ability to accurately

reconstruct energy data, we can study how

the model reconstructs the energy peaks of

the CUTE data. The 70Ge in the detector

produces the isotope 71Ge via radiation from

a 252Cf source [9]. 71Ge then decays sponta-

neously through electron capture, a process

in which an unstable nucleus captures one of

its atomic electrons. The bound electron will

subsequently combine with a proton in the

nucleus to form a neutron and an electron

neutrino:

p+ e− → n+ νe (2)

This leaves the atom in an excited ionized

state, causing it to emit X-rays or Augur elec-

trons[1]. Figure 4 shows electron capture oc-

curring in the K-shell of an arbitrary atom.
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Figure 4: The figure depicts two types of elec-
tron capture decay occurring in the K-shell of
an arbitrary atom. Top: The nucleus absorbs
an electron in the k-shell. Lower left : An
L-shell electron replaces the vacancy, and elec-
tromagnetic radiation equal in energy to the
difference between the two shells is emitted.
Lower right : Instead of emission as gamma
rays, the energy absorbed through the pro-
cess is instead transferred to an outer shell
electron. That outer shell electron is ejected
from the atom in the Auger effect, leaving a
positive ion [6].

The capture of either a K, L, or M shell

electron generates the characteristic emission

lines corresponding to the K-, L-, and M-shell

peaks. In this report, we will be be look-

ing at only the K-shell and L-shell energies.

In 71Ge, these correspond to energy peaks of

10.37 keV and 1.30 keV. These peaks provide

a way to verify that the model is reconstruct-

ing CUTE energy data correctly and to iden-

tify mismatches between the DMC and CUTE.

Results

CUTE K-Shell Radial Recon-

struction

We trained the Histogram Gradient Boost-

ing Regressor (HGBR) model wrapped with

a Multi Output Regressor on a K-shell 100k

event 50V DMC sample. The CUTE sample

we used in the reconstruction was the 50V

low background sample from Run 37 of the

Tower 3 testing at CUTE. The hyperparam-

eters were found using GridSearchCV. The

validation plots are shown in Figure 5 and

Figure 6, while the CUTE reconstruction is

plotted in Figure 7.

Figure 5: Radial validation plot as a histogram
for the HGBR model trained on the 100k
events DMC K-shell sample.
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Figure 6: Validation residuals for the HGBR
model trained on the 100k events DMC K-
shell sample. The mean is 0.000 mm and the
standard deviation is 0.274 mm.

Figure 7: The figure shows the CUTE radial
data plotted as a histogram after reconstruc-
tion by the HGBR model trained on the DMC
sample.

The plot in Figure 5 increases linearly with

the radius, which was expected. When used

to reconstruct the CUTE data, however, the

model does not yield the expected linear

trend and only spans between 17 mm and 43

mm.

Data-driven Rescale of DMC Re-

sponse

To further investigate these behaviours, in

Figure 8 we plotted PASOFamps/PTOFamps

vs PFSOFamps/PTOFamps for the raw

CUTE data and the DMC sample.

Figure 8: PA/PT vs PF/PT is plotted for
the DMC sample and the CUTE data. No
model has been applied to either the data or
the sample.

Figure 8 shows that there are noticeable

differences between DMC and CUTE data,

with the most apparent difference being that

the DMC predicts a stronger response in the

outer channel for events occurring near the

edge of the detector and a stronger response

in the inner channel for events occuring near

8

Pekka Sinervo
Comment on Text
"residuals defined as the difference in the true and predicted radius"

Pekka Sinervo
Comment on Text
Keep the digits reasonable and provide the uncertainty.  Presumably around 0.01 mm?

Pekka Sinervo
Comment on Text
"however, the results are shown in FIgure 7.  The..."

Pekka Sinervo
Comment on Text
You should give a little justification for what comes next.  For example, "To investigate this behaviour, we looked at how well the DMC simulation modelled the CUTE data.  This leds us to look at how the energy was shared between the different sensors."

Pekka Sinervo
Comment on Text
You can say that no corrections have been applied to the DMC.  The CUTE data had been calibrated.



the center of the detector. This suggests that

more energy is being shared between channels

in the CUTE data than in the DMC. In or-

der for DMC response to be compatible with

CUTE, we must account for the difference

in phonon channel response. Warren Perry

found a method to rescale each channel’s re-

sponse by scaling each channel’s amplitude.

The total energy Et is given by

Et = Er + Eeh =
∑

P ∗OFamps (3)

Here, Er is the recoil energy, and Eeh is the

energy generated by the electron hole pairs

produced in each event. The P*OFamps are

the separate channel amplitudes from both

faces of the detector ranging from A to F,

which we will denote as Ei. We can write Ei

as

Ei =
1

12
Er + βiEeh (4)

This assumes that recoil energy is distributed

uniformly across all 12 channels. However,

since the electron hole contribution is not ex-

pected to be uniform, βi acts as a channel

specific coefficient. The relative calibration is

then applied to Ei as a fraction of the total

energy, where the correction can be applied

using either a linear:

E ′
i = (ai(

Ei

Et

) + bi) × Et (5)

or nonlinear function:

Enew = (ai(
Ei

Et

)2 + bi(
Ei

Et

) + ci) × Et (6)

The factors ai, bi,& ci for each channel were

computed by Warren Perry ’by eye’ and are

shown in Table 1 and table 2.

Channel a b c
PAS1 -2 0.77 0.03
PBS1 -2.8 1 0.023
PCS1 0 0.6 0.038
PDS1 0 0.6 0.03
PES1 0 0.62 0.032
PFS1 0 0.6 0.035
PAS2 -2 0.8 0.028
PBS2 -2.8 1 0.023
PCS2 0 0.6 0.035
PDS2 0 0.68 0.025
PES2 0 0.65 0.032
PFS2 0 0.65 0.035

Table 1: Nonlinear relative scaling factors for
each channel found by Warren Perry [10].

Channel a b c

PAS1 0 0.35 0.045

PBS1 0 0.53 0.04

PCS1 0 0.6 0.038

PDS1 0 0.6 0.03

PES1 0 0.62 0.032

PFS1 0 0.6 0.035

PAS2 0 0.44 0.04

PBS2 0 0.53 0.04

PCS2 0 0.6 0.035

PDS2 0 0.68 0.025

PES2 0 0.65 0.032

PFS2 0 0.65 0.035

Table 2: Linear relative scaling factors for
each channel found by Warren Perry [10].

9

Pekka Sinervo
Comment on Text
"developed a method to adjust"

Pekka Sinervo
Comment on Text
"amplitude in the simulated DMC events."

Pekka Sinervo
Comment on Text
Don't need colon.  Ditto next equation.

Pekka Sinervo
Comment on Text
At this point, it would be good to show Figure 11 to illustrate how well it does.



Linear Versus Nonlinear Rescale

To evaluate the linear rescale against the

nonlinear rescale, we will compare RadialPar

CUTE plots produced using nonlinear and

linear rescaling. Figure 9 plots RadialPar vs

radius for the nonlinear rescaled DMC and

produces the expected anti-correlation as a

smooth curve.

In Figure 10, the linear rescale causes a dis-

continuity at a radius of approximately 28mm

to 34mm. This discontinuity could be caused

by surface edge effects at the edge of differ-

ent phonon channels, but a full investigation

is beyond the scope of this report. For our

purposes, this indicates the nonlinear rescal-

ing more accurately reconstructs the CUTE

data. We will use the nonlinear rescaling for

all following training and reconstruction.

Figure 9: The figure shows reconstructed ra-
dius as a function of RadialPar for CUTE
K-shell using HBGR trained on a nonlinearly
rescaled 1 million event 50V sample in the
0.1–12 keV range. The shaded band is ≈ ±1σ.

Figure 10: The figure shoes reconstructed
radius as a function of RadialPar for CUTE
K-shell using a model trained on a linearly
rescaled 1 million event 50V sample in the
0.1–12 keV range.

Figure 11: PA/PT vs PF/PT is plotted for
the DMC sample with nonlinear rescaling and
the CUTE data. The plots show only K-shell
energies.

Figure 11 shows PA/PT vs PF/PT results

with nonlinear scaling applied to the DMC are

shown with the CUTE data plotted on top.
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The DMC overlaps much more with CUTE

than Figure 8, which is a promising sign for the

nonlinear rescaling. There is some nonlinear

behaviour in the DMC for lower PA/PT and

PF/PT, indicating there are still some issues

with the DMC and energy rescaling.

Effects of Data-driven Rescale on

DMC Reconstruction

Now using the nonlinear rescaling, we can

examine the effects of the rescaling on the

model’s resolution through the validation

residuals. The sample used is a 1 million event

50V event sample in the 0.1–12 keV range.

The resulting distributions, shown in Fig-

ures 12, 13, 14 and 27 in Appendix , were eval-

uated using a Gaussian fit to determine bias

and resolution. Although the rescale may im-

prove the discrepancy between the DMC and

CUTE, we expect the rescale to worsen the

model’s position resolution. This is because

the rescaling of channel response to spread the

energy more evenly across all channels should

result in less position sensitivity. We plotted

the before and after rescaling model residuals

for radius, X, and Y in Figures 12, 13, and 14,

respectively.

In Figure 12 (a), before the rescale, the

residual is centered very close to zero. In Fig-

ure 12 (b), after the rescale, the distribution

shifts negative and widens. The bias suggests

that the model now tends to under-predict the

radius and the resolution is worse by about

11%.

We see the same effects in Figure 13 for X,

though the changes are less drastic since ra-

dial reconstruction depends more on channel

response differences than X or Y reconstruc-

tion.

(a)

(b)

Figure 12: The figure shows a comparison
of R residuals from validation. Figure (a)
shows the model without scaling and figure
(b) shows the model with nonlinear rescaling.
The absolute difference in bias is 0.0135mm
and the absolute difference in resolution is
0.0424mm.
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(a)

(b)

Figure 13: The figure shows the comparison
of X residuals. In (a) the reconstruction was
predicted using the DMC sample, while in (b)
a nonlinear rescale was applied to the sample.
For details see App.1. The absolute difference
in bias is 0.0085mm and the absolute differ-
ence in resolution is 0.0028mm.

We see an exclusion to this trend in the Y

resolution in Figure 14.

(a)

(b)

Figure 14: The figure shows the comparison
of Y residuals. Figure (a) plots the residuals
for the model trained on the unscaled DMC
sample. Figure (b) plots the residuals for
the model trained on the DMC sample after
nonlinear rescaling. The absolute difference in
bias is 0.0032mm and the absolute difference
in resolution is 0.011mm.

Figure 14 has a small shift in bias of 0.0032

mm, and resolution actually improves from

1.0284 mm to 1.0174 mm. The same behavior
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can be seen in the Z and energy residuals,

shown in Figure 27 in Appendix . However,

in the case of energy and Z, the lack of change

is expected as neither heavily on channel re-

sponse differences. Z relies on timing infor-

mation from P*OFdelays, while energy recon-

struction depends mostly on total amplitude,

which is conserved in the rescale.

Data-driven Rescale on CUTE

Reconstruction

CUTE K-Shell Reconstruction

To further test the effects of rescaling, we

retrained the model on the full DMC energy

sample (validation plots shown in Figure 15

and Figure 15) and reconstructed the K-shell

CUTE radial in Figure 17.

Figure 15: Figure shows the radial valida-
tion plot as a histogram for the HGBR model
trained on the DMC sample after the data
driven rescales were applied.

Figure 16: Validation residuals for the HGBR
model trained on the DMC sample after the
data driven rescales were applied. The mean
is 0.001 mm and the standard deviation is
0.237 mm.

Figure 17: The figure shows the CUTE ra-
dial data as a histogram. The reconstruction
was done by the HGBR model trained on the
rescaled DMC sample.

The validation plots show the model is still

working as expected. The CUTE reconstruc-
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tion has improved from Figure 7, with a max

around 50mm and a min around 7mm. The

plot appears a bit more linear, though it is

still not smooth and has a very large peak at

large radii. This peak could be due to surface

background events, but it may not be the only

cause.

Motivated by the improved or unchanged

model resolution Y shown in Figure 14, we

next plotted the reconstructed Y and X posi-

tions as a scatterplot in Figure 18 and then

used them to plot R as
√
X2 + Y 2 in Figure 19.

This was done to see if reconstruction R from

X and Y would be more accurate than directly

reconstructing using the model.

Figure 18 appears uniformly distributed and

Figure 19 is smooth, with a minimum close

to 0 mm and a maximum a bit above 45 mm.

There is a larger peak at large radii, but it is

less pronounced than the one seen in Figure 17.

Figure 18: CUTE Y vs X reconstruction plot-
ted as a scatterplot. The events appear mostly
uniformly distributed.

Figure 19: CUTE
√
X2 + Y 2 plotted as a

histogram.

Figure 20: CUTE R-
√
X2 + Y 2 plotted

against reconstructed R as a histogram. The
plot is centered at 0 mm, with a standard
deviation of 1.69 mm.

To better see the difference between the ra-

dial reconstruction methods, Figure 20 shows

the difference between reconstructed radius

and
√
X2 + Y 2 against reconstructed radius.
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It has a mean centered at 0 mm, but a resolu-

tion of 1.69 mm. This suggests the differences

between the two methods varies in extremity.

This agrees with the visual difference between

the two plots, where the direct reconstruction

is less smooth than and has a larger peak than

the
√
X2 + Y 2 reconstruction.

Next, Figure 21 plots the reconstructed en-

ergy distribution for the CUTE K-shell.

Figure 21: The figure shows reconstructed
energy distribution for CUTE K-shell using
a model trained on a nonlinearly rescaled 1
million event 50V sample in the 0.1–12 keV
range. The K-shell has 4392 events. The peak
is concentrated at ≈ 12 keV.

In Figure 21, the distribution is narrow and

dominant, which indicates that reconstruction

resolution is relatively high. However, there

is a clear offset from the expected K-shell en-

ergy, with the peak at around 12 keV instead

of the expected 10.37 keV. Along with this

offset, the high energy tail is non-negligible,

suggesting a problem with the CUTE energy

reconstruction. This issue, in addition to the

remaining problems with the radial reconstruc-

tion, indicates a mismatch between the K-shell

DMC and CUTE data.

CUTE L-shell Reconstruction

RadialPar analysis of L-shell in Fig.22

shows the anti correlation we expect, although

appears fainter than the K-shell distribution in

Figure 9 due to fewer L-shell events. Notably,

the trend if also entirely smooth, with no dis-

continuity as seen in Fig.10, which further

suggests that the nonlinear rescaling better

reconstructs CUTE.

Figure 22: The figure shows reconstructed
radius as a function of RadialPar for CUTE
L-shell. Each point corresponds to an indi-
vidual event, the solid curve is the median
reconstructed radius in bins of RadialPar, and
the shaded band is ≈ ±1σ.
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Figure 23: The figure shows reconstructed
radial distribution for CUTE L-shell using
the HGBR model trained on the nonlinearly
rescaled 1 million event 50V sample in the
0.1–12 keV range. The L-shell has 516 events.

Figure 24: The figure shows reconstructed X-
Y distribution for CUTE L-shell.

Figure 23 shows that the L-shell events

are not uniformly distributed in radius, but

the increase roughly follows a linear trend.

Similar to the K-shell radial distribution, the

highest concentration of events occurs near

the edge of the detector, around 43mm to

46mm. However, there is also significant

noise in the mid-section of the distribution,

and a sharp drop at the very edge of the

detector. The results suggest that, similar to

the results for the K-shell, there are still low

energy background and detector edge effects

that are distorting the results.

Fig.24 shows that the X-Y scatter for

L-shell is indeed circular and extends nearly

to the detector edges. We can also confirm

what we saw in the radial distribution in

Fig.23, which is a ’ring’ of events at higher

radius. The consistency is reassuring, but

this further suggests presence of edge effects.

Figure 25: L-shell CUTE R-
√
X2 + Y 2 plot-

ted against reconstructed R as a histogram.
The plot is centered slightly left of 0 mm, with
a standard deviation of about 1.3 mm.

Figure 25 shows the difference between re-

constructed R and
√
X2 + Y 2 for the L-shell.
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The mean is slightly left of 0 mm and the stan-

dard deviation is 1.3 mm. This implies the

two methods produce noticeable differences,

which is consistent with what we found for

the K-shell.

Figure 26: The figure shows reconstructed
energy distribution for CUTE L-shell. The
peak is concentrated at ≈ 3.5 keV.

Fig.26 shows the same kind of behavior we

observed in the energy distribution of the K-

shell in Fig.21. The entire peak is shifted

to a substantially higher energy at ≈ 3.5 keV

instead of occurring at the expected L-shell

peak of 1.30 keV. There is also a broader and

noisier tail, but this is to be expected since

the L-peak occurs at a much lower energy

than the K-peak, and lower energy events are

intrinsically harder to reconstruct. Moreover,

the L-shell region is more susceptible to back-

grounds since it is lower in energy. Regardless,

the large discrepancy between expected energy

and the reconstructed energy means there is

a mismatch between the L-shell DMC sam-

ple and the CUTE data even after applying

nonlinear rescaling.

Discussion

The shell study energy and radial distribu-

tions yielded promising results. RadialPar’s

response to nonlinear and linear scaling indi-

cated that the linear scaling was not sufficient

to accurately model the energy sharing in the

crystal. From this we can conclude that there

are nonlinear effects in how the real energy is

distributed across channels.

Beyond RadialPar, the nonlinear scaling im-

proved the reconstructed radial distribution

significantly. Using the rescaled training, the

radial reconstruction reached a minimum of

about 7 mm and a maximum around 50 mm

for the K-shell, while the L-shell radial distri-

bution appeared to reach a minimum around

5 mm and a maximum of 50 mm. Both distri-

butions had the highest event concentration

located near the surface at the detector, man-

ifesting visually as large peaks.

Plotting the K-shell radial distribution us-

ing reconstructed X and Y in
√
X2 + Y 2

showed an improvement over the model’s re-

construction. The reason for this could tie

back to the change in the model resolutions in

, where the radial resolution got worse while

the X and Y resolutions remained relatively

unchanged post nonlinear rescale. Figure 20

and Figure 25 demonstrate that for both the

K-shell and L-shell, the two methods have no-

ticeable differences. Further investigation will

be needed to fully determine the reason and

decide which method produces better results.

17

Pekka Sinervo
Comment on Text
First describe what it is.

Pekka Sinervo
Comment on Text
Consistency -- "Figure"

Pekka Sinervo
Comment on Text
Not sure what you mean by "noisier".  Broader OK with some structure.

Pekka Sinervo
Comment on Text
Hmm, OK, but you are making an assertion that 1.3 keV events are hard to construct.  I'm not convinced of that.  I suspect you don't really know what is the cause, so no need to speculate.

Pekka Sinervo
Comment on Text
"energy reconstruction even"

Pekka Sinervo
Comment on Text
THis is consistent with what is expected of the activated 71Ge sample, which should have energy deposits uniformly distributed in the crystal.

Pekka Sinervo
Comment on Text
This needs work structurally.  But the point is well-taken.   Have we looked at the X and Y plots without any scaling?  What does the Y vs X plot and sqrt(X^2+Y^2) plots look like?  Is it possible that X and Y are less sensitive to the getting the details of the energy sharing correct?



The reconstructed energy peaks are much

too high, with a 2.5-3 keV discrepancy be-

tween the results and what we expect the

energies to be (this discrepancy is shown visu-

ally in units of µA for the K-shell and L-shell

in Figure 29 and Figure 30, respectively). The

reasons behind this are currently under inves-

tigation.

Conclusion

The results show that nonlinear energy

rescaling of the DMC improves the model’s

reconstruction of CUTE position data. How-

ever, the non-uniformity of the reconstructed

radial distribution and the large peak in events

at large radii are issues which could be caused

by background surface events or more prob-

lems with the energy scaling. We also saw

these issues in the reconstructed X, Y, and√
X2 + Y 2 distributions, but to a lesser extent.

The
√
X2 + Y 2 distribution, in particular was

much smoother and more uniform than the

direct radial reconstruction. This could be

caused by the model’s radial resolution wors-

ening with the nonlinear rescales while the X

and Y changed very little, if at all. The ra-

dial L-shell reconstruction had similar issues

with a large peak at large radii and a lack

of uniformity. Exploring the reason behind

the large peak and investigating the different

radial reconstruction methods are the next

steps to improving the radial distribution.

Another issue we have is the discrepancy

between CUTE’s expected total energy for

the K- and L-shells and the reconstructed en-

ergies. This is possibly due to errors with the

calibration of the energy that can be fixed

by changing certain calibration factors and

ensuring we are working with correct units.

More work needs to be done to understand the

effects of the energy rescaling and relative cali-

bration on the reconstructed energy if we want

to accurately reconstruct energy and position

information. Regardless, the improvements

made by the energy rescaling show promise

towards training models that accurately re-

construct position and energy data.
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Appendix

(a)

(b)

Figure 27: The figure shows a comparison of
energy residuals from validation. In (a) the
reconstruction was predicted using the DMC
sample, while in (b) a nonlinear rescale was
applied to the sample before training. The
absolute difference in bias is 0.0011 mm and
the absolute difference in resolution is 0.0008
mm.

(a)

(b)

Figure 28: The figure shows a comparison
of Z residuals from validation. In (a) the
reconstruction was predicted using the DMC
sample, while in (b) a nonlinear rescale was
applied to the sample before training. The
absolute difference in bias is 0.0224 mm and
the absolute difference in resolution is 0.121
mm.
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Figure 30: L-Shell energy peak distribution
in µA plotted for unscaled DMC, nonlinearly
scaled DMC, and reconstructed CUTE. The
model is the HGBR model trained on the full
energy DMC sample with nonlinear rescaling.

Figure 29: K-Shell energy peak distribution
in µA plotted for unscaled DMC, nonlinearly
scaled DMC, and reconstructed CUTE. The
model is the HGBR model trained on the full
energy DMC sample with nonlinear rescaling.
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