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Abstract We present a deep learning pipeline to per-

form a model-independent, likelihood-free search for anoma-

lous (i.e., non-background) events in the proposed next-

generation multi-ton scale liquid xenon-based direct detec-

tion experiment, DARWIN. We train an anomaly detector

comprising a variational autoencoder (VAE) and a classifier

on high-dimensional simulated detector response data and

construct a 1D anomaly score to reject the background-only

hypothesis in the presence of an excess of non-background-

like events. We use simulated validation data to determine the

power of the method to reject the background-only hypothe-

sis in the presence of a WIMP dark matter signal, without any

model-dependent assumption about the nature of the signal.

We show that our neural networks learn relevant features of

the events from low-level, high-dimensional detector outputs,

avoiding lossy and computationally expensive compression

into lower-dimensional observables. Our approach is com-

plementary to the usual likelihood-based analysis, in that it

reduces the reliance on many of the corrections and cuts that

are traditionally part of the analysis chain, with the poten-

tial of achieving higher accuracy and significant reduction

of analysis time. We envisage the methodology presented

in this work augmenting or complementing likelihood-based

and other data-driven methods currently utilized in the DAR-

WIN (and in the future, XLZD) analysis pipeline.

1 Introduction

A promising method for investigations of the ever-elusive

dark matter sector involves seeking excess nuclear recoils in

subterranean detectors, a strategy known as direct detection

(DD) [1]. Over the years, a number of xenon (XENONnT [2],

LUX-ZEPLIN (LZ) [3], PandaX[4]) and argon (DEAP-

3600 [5], DarkSide-20k [6], ArDM [7]) ton-scale exper-

iments have steadily enhanced the sensitivity to physics

beyond the standard model (BSM), and this effort is expected

to continue, with plans for a next-generation dark matter

⋆ e-mail: ascaffid@sissa.it

and neutrino observatory. While earlier designs for a ‘dark

matter WIMP search with liquid xenon’ observatory (DAR-

WIN) [8,9] aimed at an active liquid xenon target mass of

40 tons, the recently formed XLZD Collaboration proposes

an even more ambitious target mass of 60–80 tons [10].

While the design of the XLZD experiment is being devel-

oped, this paper focuses on DARWIN, a well-defined pro-

posal for a large-scale observatory using a xenon dual-phase

time projection chamber (TPC) to study phenomena requir-

ing low-background conditions. DARWIN aims to be sen-

sitive to weakly interacting massive particle (WIMP) dark

matter as well as neutrinoless double beta decay, axion-like

particles, and any other BSM particles that would mani-

fest through significant interaction with a xenon target. The

aim of this work is to introduce a signal model-agnostic,

deep learning-based analysis pipeline, offering a comple-

mentary and alternative approach to the standard likelihood-

based analysis chain in such a detector. The benefits of this

approach are that it enables a fuller exploitation of the detec-

tor readout data, without the information loss potentially

incurred in using only hand-crafted summary statistics (such

as cS1 and cS2, the corrected prompt primary scintillation

and secondary electroluminescence of ionized electrons sig-

nals, respectively), and that it can include in the pipeline any

physics effect that can be faithfully simulated, including sys-

tematics.

Machine learning (ML) has emerged as a powerful tool

within the physics community, and its relevance to DM phe-

nomenology has been growing rapidly [11–15].

Unsupervised machine learning has been increasingly

employed in collider physics to identify anomalies in data,

as demonstrated in several recent studies [16–27], with

early example applications on simulated events of CMS and

ATLAS already in Refs. [28,29], as well as Ref. [30], where

an “anomaly awareness” algorithm is proposed. ML tech-

niques were also applied to DD experiments for a variety

of tasks, ranging from signal classification to fast likelihood

evaluation [31–36]. Ref. [32] utilizes a semi-unsupervised

deep neural network comprising a pretrained convolutional
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neural network (CNN) and a VAE in order to detect the pres-

ence of excess nuclear recoils above the expected background

in DD experiments.

The established approach to the detection of a new physics

signal in DD experiment with dual dual-phase target is a

likelihood-based test with an assumed asymptotic distribu-

tion [9], with the likelihood a function of the so-called “cor-

rected” S1 and S2 signals (cS1 and cS2, respectively). By

using neural networks that are trained on high-dimensional

representations of detector events, we show in this paper that

it is possible to infer the relevant properties (energy distribu-

tion, type of recoil) from detector-level readouts, without the

approximation and loss of information incurred in the usual

cS1, cS2 compression. This opens the door to the possibility

of an end-to-end inference approach that is fully simulation-

based, including all necessary corrections and cuts that are

traditionally done in the analysis and inference chain, a pro-

cess which takes up a significant fraction of analysis time

in current-generation detectors. This approach relies how-

ever, on the availability of accurate and faithful simulations:

real detectors and backgrounds are usually more complex

and/or feature unexpected characteristics that deviate from

simulations. Data-driven calibration and adversarial training

techniques can help mitigate such systematic differences,

improving robustness against these biases – something we

plan to explore in future works.

Subject to the above caveat, the aim of this paper is to

demonstrate the capability of a deep learning pipeline to

detect the presence of an ‘anomalous’ signal above a known

(from simulations) background in DARWIN, without explicit

modeling of the likelihood nor of the physics underlying

the anomaly (i.e., without assuming a specific dark matter

model). In this sense, our analysis is model-independent,

that is, agnostic to any specific new physics model. We

achieve this by training an anomaly detector on event-by-

event simulated detector response quanta using the DAR-

WIN simulation pipeline, and by constructing an anomaly

score designed to maximize the sensitivity to rejecting the

background-only hypothesis. The choice of DARWIN as a

case study is motivated by the availability of sufficiently

mature and complete detector simulations, which is not yet

the case for XLZD. Of course, the general approach is appli-

cable to future detectors, once their design and simulation

pipeline are settled. Application of this approach to existing

detectors would require refinement to account for rare and/or

unforeseen backgrounds or detector effects that may not be

simulated correctly. Since this paper focuses on demonstrat-

ing the overall methodology, we leave exploration of such

issues to future investigations.

This paper is structured as follows. In Sect. 2 we briefly

introduce the design of the DARWIN detector, we describe

the data structure used to train the model, as well as the sim-

ulations that were employed to this end. In Sect. 3 we explain

the aim of the analysis, the methodology employed and its

novelty. We also present the detailed simulation pipeline

adopted for the study, the split between training and vali-

dation sets and the training procedure. In Sect. 4, we validate

our approach by determining the sensitivity of DARWIN to

rejecting the background-only null-hypothesis in the pres-

ence of a simulated injection of a WIMP signal. We then

conclude in Sect. 5.

2 Experiment design and data simulation

2.1 The DARWIN detector design

DARWIN is conceived as a multi-ton, dual-phase liquid

xenon time-projection chamber (TPC) designed to push

DD sensitivity to the verge of the astrophysical neutrino

floor [37]. The reference design holds ∼ 50 t of xenon, with

about 40 t active, inside a 2.6 m × 2.6 m cylindrical TPC;

prompt VUV scintillation (S1) and proportional electrolumi-

nescence (S2) are captured by matched top and bottom arrays

of ultra–low–background photomultipliers (PMTs) or silicon

photomultiplier (SiPM) tiles, providing sub–keV thresholds

and event–by–event electron vs nuclear recoil discrimina-

tion. The large homogeneous target, excellent self–shielding

and simultaneous light–and–charge readout make large TPC

chambers versatile platforms for dark matter, neutrino and

rare decay physics [8].

The TPC design is suspended in a double–walled low–

radioactivity cryostat and immersed in an instrumented water

tank that serves both as a passive γ /n shield and an active

Cherenkov muon veto. A uniform drift field of the order of

0.5 kV cm−1 is generated inside the TPC, enabling electrons

to traverse the full 2.6 m height. This long-drift capability- as

well as cryogenics, purification, and DAQ concepts, has been

validated in the Xenoscope vertical demonstrator and related

optical simulation test–stands [38], as well as a second large

scale demonstrator called PANCAKE [39].

In 2024 the DARWIN, LZ and XENONnT collabora-

tions unified their efforts in the next-generation XLZD pro-

gramme [10], which scales the dual–phase concept to 60–80 t

of active xenon while retaining the core detector architec-

ture. DARWIN’s hardware prototypes and simulation tools

remain the principal testbeds for XLZD component devel-

opment and the waveform-level analysis showcased here.

Consequently, the study performed in this paper adopts the

original 40 t DARWIN geometry when generating simulated

S1/S2 events, with the ML methodology and data analysis

pipeline having direct application to any future XLZD-type

detector.
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2.2 Generation of simulated events

Our simulation-based pipeline is reliant on the quality of

the simulations adopted. For this reason, we use state-of-

the-art simulations tailored to the DARWIN design. We use

the Geant4 transport code [40] within the DARWIN-Geant4

framework [41] to handle the tracking of particles within

a rendering of the detector geometry. The Noble Element

Simulation Technique (NEST) v2.3.12 [42] handles the

microphysics of how particles interact with the active xenon

volume. NEST provides a robust and well-established frame-

work that simulates the atomic and nuclear physics involved

in energy deposition and the corresponding response of the

detector, and generates the light and charge yields for each

type of interaction within the detector. These simulated light

and charge yields are compared and calibrated against pre-

vious xenon experiments, see Ref. [9] for details. Full signal

propagation and observable readout within the TPC volume

that produced the simulated waveforms and PMT hit-patterns

were produced by custom-written detector simulation code

based on the Tray [43] architecture.

Any WIMP search relies on distinguishing between back-

ground events and the WIMP-induced signal. We there-

fore need our deep learning pipeline to learn to character-

ize the background distribution. The majority of background

at DARWIN will be electron recoil (ER) events originat-

ing from various terrestrial and cosmogenic sources, while

nuclear recoil (NR) backgrounds remain in the form of irre-

ducible cosmogenic neutrinos and sub-dominant radiogenic

neutrons [41,44], which must be included as part of the back-

ground simulation. WIMPs of mass O(> 1) GeV deposit

their energy into the detector via NR events.

We describe the background simulations used in this study

in Sect. Appendix A, and give here only a concise sum-

mary. For each type of background (ER and NR), events with

uniformly distributed recoil energies were simulated in the

range 1–100 keV. The simulations include detector response

effects (including electron-ion recombination, electron drift,

and photon-collection efficiency), which transform the raw

energy deposition from the initial particle interaction into the

observable signals in the detector.1

For our analysis, we follow the approach taken in Ref. [32],

and adopt as description of the TPC data the total S1 + S2

waveforms (i.e, signal as a function of time, summed over all

individual PMTs), as well as the top and bottom S2 PMT hit

pattern readout.2 We use the total waveforms (as opposed to

1 Another form of background observed by XENONnT was anomalous

events emanating from radioactivity in the TPC walls, referred to as ’sur-

face’ events. We did not simulate such event realizations in this study,

but work is being conducted to implement them with unsupervised veto

models.

2 We note that not including the S1 top and bottom PMT hit-

patterns decreases sensitivity to so-called ‘γ -X’ and ‘neutron-X’ events

the PMT-specific waveform) in order to reduce the dimen-

sionality and complexity of the data vector provided to the

neural networks. To exploit the detector readout data in even

more fundamental form, one should adopt a model capable

of learning a representation of the PMT responses from the

entire PMT array in the temporal domain [46,47] – something

the method in this work is unable to scale to. Modern develop-

ments in Transformer or graph neural network architectures

could potentially be used for handling time-domain individ-

ual PMT readouts [48–50]. In order to meet this challenge

however, we plan to utilize the Rotary Masked Autoencoder

of Ref. [51].

In Fig. 1 we show an example of the data used to train

the neural networks. Events are simulated in a fiducial detec-

tor volume (FV) of 31.5 t, chosen to optimize the detection

of rare NR while minimizing ER background interference

towards the boundaries of the bulk xenon, as well as other

factors [9]. The simulations are realized with a drift field of

200.0 V/cm, registering events when at least 4 photons are

detected within a 200-nanosecond window (referred to as a

‘4-fold coincidence’, or N4T200). We do not utilize spatial

reconstruction to provide a further fiducialization cut. Work

is being done in this direction at XENON, see for example

Ref. [52].

3 Methodology

In this section, we first provide an overview of the objective

of this study, followed by a concise description of the analysis

methodology, which highlights the novelty of the approach.

The architectural details as well as hyperparameters of the

VAE and classifier used in this study are detailed in Appendix

B.

3.1 Simulation-based anomaly detection

The objective of this study is to demonstrate the potential

of a deep learning pipeline to detect a WIMP-like signal

above known simulated backgrounds in a semi-supervised

fashion. This is complementary to the traditional likelihood-

based method, as it offers several potential advantages: first,

our approach makes fuller use of the information contained

in the PMT readout data, thus avoiding the information loss

that compression into summary statistics (such as cS1/cS2)

inevitably incurs; secondly, it can incorporate in the pipeline

any effect that can be faithfully simulated in the mock data.

Footnote 2 continued

as observed by XENON100 [45,46]. Since we do not include such

background events in this study, this has no bearing on our results here.

Future developments will add both ‘γ -X’ and ‘neutron-X’ events to the

background, and S1 PMT patterns to the input data.
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Fig. 1 Example of simulated detector observables of an electron recoil

(ER) a and nuclear recoil (NR) b event in DARWIN. Top: Number of

S1 (left sub-panel) and S2 (right sub-panel) photoelectrons (PE) as a

function of time after initial S1 triggering. Red (green) denotes obser-

vation in the top (bottom) PMT array. The black curves are the total

S1 + S2 and are used for training the neural networks. Bottom: Top

and bottom S2 PMT deposit spatial pattern. The color bar indicates the

PMT hit count. These data are used to train the neural networks

This means that the impact of nuisance parameters can be

accounted for by simply including their sampling within the

generation of training data. Finally, our approach does not

rely on approximations to the likelihood, nor to a model-

specific form of the WIMP-signal, therefore being more gen-

eral and model-agnostic.

Our aim is to train a suitable neural network to iden-

tify anomalous signals – i.e., any event that can be distin-

guished statistically from the simulated ER and NR back-

ground distribution. This involves the computation of an

‘anomaly score’, T S, obtained from the combined loss distri-

bution and classification output of a neural anomaly detector.

The anomaly score is used to ascertain whether a collection

of observed events Xn = {x1, x2, . . . , xn}, deviates from the

background-only distribution. The null hypothesis, which we

denote H0, is that the events Xn are drawn from a distribution

where no signal is present, i.e., compatible with the expected

background.

The anomaly detector consists of two parts: a supervised

binary classifier and a VAE. The classifier learns from train-

ing data to distinguish ER from NR events, whilst the VAE

is trained solely on ER events3. After training, validation

3 An alternative approach (see, for example, the work of the LUX-

ZEPLIN (LZ) collaboration in Ref. [53]) can be to train a VAE on a

data (i.e., that the network has not been trained on) is given

to the network, and its T S distribution obtained: events that

deviated from background-like properties will manifest in

the 1D space of the T S distribution as an excess over the

background-only distribution. A simple 1D statistical test

is then employed to reject the background-only hypothe-

sis.

3.2 Definition and distribution of the anomaly score

The anomaly score, T S, is defined as the weighted lin-

ear combination of the reconstruction loss from the VAE,

or ‘ELBO’ (see Eq. B.2), and the classifier’s binary cross-

entropy, HB , so that larger values correspond to deviations

from the null hypothesis:

T S = (−ELBO) + RHB

= DKL(q(z|xin)||p(z)) − Eq(z|xin)[log pxin(xD|z)] (1)

Footnote 3 continued

representative sample of all event classes (comprising both ER and NR)

as well as calibration data. This allows potentially anomalous events

to be identified in the latent space of the autoencoder. Representation

learning of this type can be useful in that it is one-sample and ’data-

driven’, at the expense of sensitivity to an explicit null-hypothesis.
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Fig. 2 Distribution of the anomaly score T S from a pseudo-dataset

used in this study. The stacked gray bars represent the T S distribution

for the ER (light gray) and NR (dark gray) background. The colored lines

are the distributions in T S after the injection of signal components for 20

and 500 GeV WIMPs, with a scattering cross-section of σχ = 10−46

cm2 (a large value chosen for clarity of illustration). The binning is

illustrative, as our sensitivity analysis is unbinned. The solid black line

is the total background pdf f0

+ R HB(xin)

= −
1

2
β

m
∑

j=1

(

1 + log
(

σ 2
j

)

− μ2
j − σ 2

j

)

− log Nxin(xD, diag(σD)2) − R log (1 − p (xin)) . (2)

The hyperparameter R controls the relative importance of the

binary cross-entropy term, and its optimization is discussed

in Appendix C.

In order to determine the T S distribution under H0, a

set of 104 ER and 104 NR events are simulated according

to their expected rates after trigger-level cuts, fiducialisa-

tion and signal region cuts, as given in Fig. 5 of Appendix

A. In Fig. 2 we show a dataset comprised of each back-

ground component (dark/light grey histogram) as well as

two injected WIMP signals (color curves) at a relatively

large cross-section (for illustration purposes) in T S space, re-

weighted to an exposure of 200 ty. The spectral dependence

of the ELBO manifests in T S space, with anomalous events

(in this case, WIMPs) being mapped to larger T S values than

the background. We therefore observe two bumps in the T S

distribution of the NR and ER backgrounds corresponding to

the classifier’s prediction. ER events that present with higher

T S values typically have lower energies, as would make qual-

itative sense due to low-energy ER being indistinguishable

from NR. In Appendix D, we demonstrate that the VAE non-

trivially encodes the spectral energy information of all events

(both NR and ER), despite the VAE having been trained only

on ER events.

3.3 Neural networks training and validation

The neural networks are trained on vectorized formats:

[S1WaveformTotal,S2WaveformTotal,S2Patter

ns], with a total size of 3835. The waveform and hit pattern

data provide information about each event, making it possi-

ble for the neural anomaly detector to learn complex features

pertaining to the class of the event (ER vs NR) as well as the

different spectral dependency of each class (see Appendix D

and Appendix E for further details).

We generate training data sets consisting of an even sam-

ple of 2 × 104 ER and NR events with true recoil energies

uniformly distributed in ER ∈ [1, 100] keV, with 30% being

kept aside for validation. The average training time per epoch

is ∼ 1 s for the VAE (∼ 40 seconds total training time) and

∼ 0.8 seconds for the classifier (∼ 8 seconds total training

time) on an NVIDIA A100-PCIE-40GB GPU. Testing times

event-by event are of the order of ms.

3.4 Null hypothesis test

In order to test for the presence of an anomalous bump (due

to anomalous, non-background-like events) in the T S distri-

bution, we define an unbinned 1D likelihood for the back-

ground probability distribution function (pdf), f0, called the

‘extended Poisson’ [54]:

L(TS|H0) =
e−B

N !

N
∏

i=1

B f0 (T Si ) . (3)

Here TS denotes the vector of observed T S produced by the

trained neural network for events labeled by i during a given

exposure, while B is the total expected number of background

events and N is the number of observed events.

We take as a test statistic the distribution of q = −2 ln L,

formalizing H0 as the asymptotic distribution of q after

simulating ∼ 104 experiments, each with an exposure of

200 ty, using pseudo-datasets comprised solely of back-

ground events, where the number of events per experiment

is sampled from a Poisson with expectation value B, lead-

ing to a number of events per experiment ∼ O(6.5 × 103).

This distribution of q is shown in blue in Fig. 3. Any upward

fluctuation of the negative log-likelihood denotes a departure

from the background-only hypothesis by construction. The

distribution of q from another 104 simulated experiments

including an injected WIMP signal at a fixed benchmark of

σ = 6.5×10−48cm2, mχ = 50 GeV is shown in pink, while

the median significance qmed (i.e., the median p−value for

which one can reject H0 in the presence of a signal, calcu-

lated over a collection of pseudo-datasets [55]) is denoted by

the vertical red line. The median sensitivity is the p−value

123



  312 Page 6 of 16 Eur. Phys. J. C           (2026) 86:312 

Fig. 3 Distribution of q = −2 ln L(TS | H0) from pseudodata gener-

ated under H0 (blue) and with an injected dark matter (WIMP) signal

with σSI = 6.5 × 10−48 cm2 and mχ = 50 GeV (pink), which yields a

median sensitivity of ∼ 3σ at 200ty exposure. We also display as a blue

line the kernel density estimate (KDE) used to evaluate the integral in

Eq. (4). The red vertical line denotes qmed

to reject H0 corresponding to qmed:

pmed =

∫ ∞

qmed

dq g0 (q) , (4)

where g0(q) is the distribution of q under the null hypothesis.

4 Results

In this section, we present the results from our approach on

simulated data. For this analysis, the ER and NR background

distributions have been re-weighted to their expected values

using the background benchmarks from Appendix A. The

median sensitivity to reject H0 as a function of exposure is

shown as the red line in Fig. 4 (left panel) for the WIMP

benchmark adopted in Fig. 3 (σSI = 6.5×10−48 cm2, mχ =

50 GeV).

The right panel of Fig. 4 shows the median sensitivity in

the canonical 2D WIMP parameter space for a fixed expo-

sure of 200 ty. We plot the median sensitivity as a color gradi-

ent, indicating contours corresponding to 1, 2 and 3σ median

sensitivity. For qualitative comparison only, we display the

2016 median DARWIN 90% C.L. upper limit sensitivity as a

green dashed curve [8]. It is important to note that this 90%

C.L upper limit sensitivity is not directly comparable to the

background rejection test in our pipeline, as these are two

fundamentally different statistical tests: the 90% C.L upper

limit sensitivity is model-dependent (as the WIMP signal

is specific for a given model), whilst the anomaly detec-

tion method is agnostic to the WIMP physics, as the neu-

ral networks were only trained on samples indicative of a

background-only dataset, with no information about WIMP-

like events. Hence, whilst the background rejection p-value

we present is a somewhat ‘stronger’ statistical claim (in that

it is model-independent), we find (as expected) that an upper

limit in the presence of an explicit alternative WIMP model

is significantly more constraining.

5 Conclusions

This study presents the foundation for a deep learning anal-

ysis pipeline to perform anomaly detection in next next-

generation dark matter direction detection experiment – in

this case, the DARWIN design. The proposed methodology

provides a prototype for future developments in statistical

inference in rare physics searches with xenon-based TPCs,

and promises to extract maximal information from the high-

dimensional event data produced by TPC experiments. This

is particularly critical given the current challenges faced by

modern TPC experiments, where a substantial portion of

analysis time is devoted to tuning optimal cuts and correc-

tions for high-level, compressed summary observables.

The method in this paper presents an anomaly-aware

machine learning technique that leverages deep learning to

conduct a background rejection task. We use a neural net-

work architecture consisting of an unsupervised VAE and

a fully connected classifier that extracts relevant event-by-

event features (including energy information) from PMT hit

pattern data and total S1 and S2 waveforms. We find that the

neural anomaly detector achieves sensitivity to reject H0 at

the order of 3σ after ∼ 200 ty for a WIMP benchmark of

σSI = 6.5 × 10−48 cm2, mχ = 50 GeV.

A model-independent anomaly detection can serve as a

‘first pass’ analysis, assessing if there is any data that is

not consistent with the background-only expectation, before

moving on to a more sensitive model-dependent search (e.g.,

via likelihood ratio). Whilst we have validated our pipeline in

the context of a canonically interacting WIMP, the machin-

ery remains identical for any new physics search. This makes

the development and deployment of these types of analyses

an important addition to the standard statistical pipeline.

As is always the case for simulation-based analyses, the

neural networks could be subject to missing or misinterpret-

ing key underlying features or stochastically of real data

should the simulations be incomplete or otherwise imperfect

[56,57]. To mitigate this risk, one could expand the pipeline

to include fine-tuning the models on calibration data in the

training of the neural network, thereby complementing simu-

lated events with actual observations. A large computational

effort is currently being directed toward folding in calibra-

tion information into the derivation of the high-level cS1/cS2

statistics, something that would be complemented by our

approach: a neural network-based analysis pipeline can alle-
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Fig. 4 Left: Median sensitivity to reject the background-only hypoth-

esis as a function of detector exposure at the benchmark σSI =

6.5 × 10−48 cm2, mχ = 50 GeV. Thresholds of 1,2 and 3σ decision

boundaries are shown as black horizontal dashed lines. Right: Median

sensitivity in the mχ , σSi plane from the anomaly detection pipeline

(exposure of 200 ty), with contours at 1, 2 and 3σ (solid lines). For

qualitative comparison, the WIMP-model dependent DARWIN 90%

C.L. median upper limit sensitivity is shown as the green dashed line

viate the computational burden as it bypasses the need for

these corrections. However, care must be taken with uncer-

tainties due to specification of the recoil energy of events,

especially at lower energy thresholds [58,59]. This type of

issue could be circumvented with unsupervised anomaly

detector networks that have integrated domain adaptation

between simulated source data and target calibration [60].

Investigation of these types of models will be the subject of

future work.

Given the simulation-rich environment at DARWIN and in

the future, XLZD, we plan to leverage this approach, includ-

ing multi-scatter classification, energy and position recon-

struction, circumventing the need for traditional detector

fiducialisation or signal region definition. Other architecture

developments will be aimed at handling high-dimensional

temporal PMT data, accidental coincidence, and surface

events background discrimination, as well as inter-ER back-

ground classification.
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Fig. 5 Benchmark DARWIN background differential recoil rate spec-

tra considered in this analysis, before (dashed lines) and after (solid

lines) detector-level SR, fiducialization and threshold cuts. The total

background contributions are shown by black solid lines. Left: ER

backgrounds originating from low-energy solar neutrinos, two-neutrino

double-beta decays of 136Xe and intrinsic backgrounds from 85Kr and

222Rn. Right: NR background contributions, produced by coherent

neutrino-nucleus scattering sources: solar neutrinos originating from
8B and from the helium-proton reaction, atmospheric neutrinos, the

diffuse supernova neutrino background, and radiogenic neutrons from

the detector. The mean integrated rates are given in Table 1 for each

background component

Table 1 Summary of mean background event rates after detector-level

SR, fiducialization and threshold cuts

Background event rates

Rate
[

(ty)−1
]

ER intrinsic: 136Xe (2νββ) 9.4

ER intrinsic: 222Rn 4.5

ER intrinsic: 85Kr 0.18

ER solar neutrinos 20.0

NR solar CEvNS 5.3 × 10−4

NR atmospheric CEvNS 2.6 × 10−2

NR radiogenic neutrons 2.2 × 10−3

Appendix A Background modeling

In this section, we detail the background modeling of this

study. The different sources of ER and NR backgrounds rel-

evant to DARWIN are described in Refs. [8,41,44].

The background contributions in DARWIN can be cat-

egorized into external and intrinsic backgrounds: external

backgrounds include gamma-rays and neutrons originating

from radioactive decays or interactions outside of the target

volume. These can be significantly reduced by target fidu-

cialization due to the high density of liquid xenon. Intrinsic

backgrounds, on the other hand, are uniformly distributed in

the target region and cannot be reduced by fiducialization.4

4 In this study, we neglect surface events [61] and isolated light and

charge signals from accidental coincidences [9] that were considered

The background is obtained after detector-level cuts,

including the finite energy threshold of the detector, the fidu-

cial region and signal region (SR) cuts on the combined

energy scale (CES), and an estimate of the true deposited

recoil energy, ER . For this analysis, we adopt a standard

value of 31.5 t [8], using an estimated location in the detec-

tor for fiducialization cuts. Furthermore, given that the spec-

tral information of all relevant backgrounds is not currently

fully known, we apply a [2–10] keVee cut on the CES of

each event in line with previous studies [44]. This leaves

ERs with a ground truth ER between ∼[2–14] keV and NRs

between ∼[2–60] keV, which are displayed in Fig. 5. A fur-

ther assumption we make is that multi-scatter events are fully

vetoed. Thus, the analysis presented in this work assumes

100% single-scatter selection efficiency.5 Each background

contribution has an expected rate as shown in Table 1.

ER backgrounds: Solar neutrinos produced through

the proton–proton (pp) fusion process and the subsequent

beryllium-7 (7Be) reaction in the Sun are the dominant source

of ER background for dark matter searches beyond the ton-

scale. This is because of their relatively low energies and high

abundance, along with the fact that their contribution cannot

be reduced by target purification, fiducialization, nor single-

scatter selection. Intrinsic backgrounds, including contribu-

Footnote 4 continued

in the analyses of XENONnT and LZ. Modeling these backgrounds is

under current development at DARWIN/XLZD, and so we leave their

treatment to future work.

5 Work is being conducted to incorporate multi-scatter selection using

deep learning to supplement the pipeline presented in this work.
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tions from isotopes such as 85Kr, a beta-emitter present in

natural krypton, and 222Rn, are included. These intrinsic

backgrounds are uniformly distributed in the target due to

the chemical inertness of noble gases. Two-neutrino double-

beta decays (2νββ) of 136Xe yield a background that steeply

rises with recoil energy. Finally, ER backgrounds originating

from γ -rays from radioactive contamination in the cryostat

and detector materials are reduced to negligible amounts by

target fiducialization, hence we neglect them here [44]. The

differential energy spectra of the above four ER background

contributions are shown in Fig. 5 (left panel), both before and

after detector-level event cuts.

NR backgrounds: Radiogenic neutrons emitted from the

detector’s materials, particularly from light PTFE used as

insulator and light reflector, and photosensors made from

various materials constitute a primary source of NR back-

ground.6 Fiducialization of the detector volume serves as the

primary detector-level cut on the radiogenic neutrons, which

extensive Geant4 simulations indicate as interacting pri-

marily near the detector walls. Furthermore, neutrons can

scatter multiple times within the detector volume. A veto on

such multi-scatter events, determined from the S2 area dis-

tribution, is implemented with an assumed 100% efficiency.

The neutron background contributes more at larger (10–50

keV) recoil energies relative to the significantly more perilous

other NR backgrounds, namely, coherent elastic neutrino-

nucleus scattering (CEvNS) [44]. 8B solar neutrinos are pri-

marily responsible for a steep rise in background events at low

recoil energy, hindering the detection of low-mass WIMPs

(5–8 GeV). This background is difficult to distinguish from

WIMP signals and represents a limit on sensitivity [62], at

least for non-directional DD experiments.

At higher recoil energies, the main CEvNS background is

from atmospheric neutrinos (atm), with smaller contributions

from solar neutrinos from the helium-proton reaction (hep)

and the diffuse supernova neutrino background (DSNB) [41,

63]. The spectra of NR backgrounds considered in this study

are shown in Fig. 5 (right panel).

Lastly, as noted in Sect. 3.1, by propagating nuisance-

parameter variations through the simulation and training on

the resulting samples, the neural network effectively learns

to marginalize over these uncertainties. For the generation of

the PMT and waveform data used in this study, such nuisance

parameters included within the Tray framework include

PMT-quantum efficiencies, Light collection efficiency (LCE)

uncertainties, systematic uncertainties associated with the

S1/S2 reconstruction, as well as single photo-electron (SPE)

area response.

6 Work is currently being undertaken to improve the understanding of

radiogenic neutrons in DARWIN as well as the uncertainty on their

contribution. The resulting insights could very easily be included in the

pipeline presented in this work in a future iteration.

Appendix B Neural network architectures

In this section, we describe the components of the neu-

ral networks in detail. All neural networks are trained with

Tensorflow v2.15.0 [64].

Appendix B.1 Variational autoencoder (VAE)

The goal of an autoencoder is to learn a compressed represen-

tation (encoding) of the input data, and then reconstruct the

input data from this encoding [65,66]. Autoencoders encom-

pass three primary components: an encoder, a latent space,

and a decoder. The encoder reduces the input data vectors

xin ∈ R
n into a lower-dimensional latent space represen-

tation z ∈ R
m (with m ≪ n) through a transformation

z = f (x). The decoder then reconstructs the input from this

compressed form, aiming to produce an output xD = g(z)

as close to the original xin as possible. A reconstruction loss

function, quantifying the difference between xin and xD , is

optimized during training.

Variational Autoencoders (VAEs) extend this concept by

introducing a probabilistic approach to the encoding process.

Unlike standard autoencoders, the encoder in a VAE maps

input data to a probability distribution characterized by mean

μ and variance σ 2, essentially transforming the encoder’s

output into the parameters of a Gaussian distribution:

f (xin) → q(z | xin) = Nz

(

μ, diag(σ 2)

)

.

The decoder, now governed by g(z) → p(xD|z), is a prob-

abilistic distribution that reconstructs data from sampled

points in this probabilistic latent space. When xD are real

vectors, p(xD|z) is taken to be a multidimensional normal

distribution with diagonal covariant structure7 [68]:

p(xD|z) = Nxin(xD, diag(σ 2
D)) . (B.1)

The VAE is trained via stochastic gradient descent by max-

imizing the loss function given by the so-called ‘evidence

lower bound’ or ELBO [68]:

ELBO = Eq(z|xin)[log pxin(xD|z)] − DKL(q(z|xin)||p(z))

=
1

L

L
∑

l=1

log Nxin,l
(xD

l , diag(σD
l )2)

+
1

2
β

m
∑

j=1

(

1 + log
(

σ 2
j

)

− μ2
j − σ 2

j

)

,

(B.2)

7 This is a simplifying choice for the covariance structure. See Ref. [67]

for an application of a structured Gaussian as the decoder.
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Table 2 Summary of the VAE architecture and optimal hyperparame-

ters. All dense layers have ReLU activations except for the linear input

and output.

Variational autoencoder architecture

Latent dimension, m 128

β 10

Encoder Input Layer: Shape: 3835

Dense Layer: 2000 units

Dense Layer: 500 units

Dense Layer: 2×m

Decoder Input Layer: Shape: m

Dense Layer: 500 units (×2)

Dense Layer: 2000 units (×2)

Dense Layer: 3835 units (×2)

Optimizer Adamax, Learning Rate: 0.0005

Training epochs 30

where m is the dimensionality of the latent space (number

of independent Gaussians), the expectation is under the dis-

tribution q(z | xin) and the data are batched into batches

of size L . The coefficient β in the Kullback–Leibler (KL)

term balances its regularization strength [69], with a higher

β value ensuring that the encoded representations are closer

to the prior, p(z), taken to be a standard multivariate Gaus-

sian, N (0m, 1m).

The VAE architecture used in this study was selected after

hyperparameter optimization on validation datasets withheld

from training, and inspired by previously successful archi-

tectures in similar settings, in particular Ref. [32]. It con-

sists of an encoder that takes vectorized data inputs xin (see

Sect. 3.3) in batches of size L = 10 and processes it through

two dense (i.e., fully-connected) layers with 2000 and 500

units respectively. The latent space dimension is m = 128.

The decoder has a dual-network structure. Both networks

within the decoder begin with an input of shape 128, and

process it through dense layers of 500 and 2000 units, culmi-

nating in two output layers xD and log σ
2 with shape match-

ing xin. The architecture is summarized in Table 2. We note

that this architecture does not scale for use on raw time series

PMT readout data, given that dense, fully connected neural

networks are not optimal for the sparsity one would expect

from such data (leading to optimization issues and computa-

tional inefficiency). Therefore, a more suitable architecture,

such as the one presented in Ref. [70], would be needed to

use raw data as input.

For training, we use an Adamax optimizer with a learning

rate of 0.5 × 10−3. The entire training regimen is set to run

for 30 epochs, with an optimized β value of 10 (via uniform

hyperparameter scans). Validation tests of the so-obtained

latent space representation are presented in Appendix E.

Table 3 Summary of the neural network classifier’s architecture and

optimal hyperparameters. The activation function of all layers is ReLU,

with the output being a sigmoid

Classifier Architecture

Input Shape Data Shape (3835)

Layers Dense Layer: 256 units

Dense Layer: 64 units

Dense Layer: 16 units

Output Layer: 1 unit

Optimizer Adam, Learning Rate: 0.01

Training Epochs 5

Appendix B.2 Supervised ER vs NR classifier

The second component of the anomaly detector pipeline is

a simple multi-layer perceptron (MLP) feed-forward neu-

ral network [71], whose architecture details are listed in

Table 3. The classifier’s task is to perform a binary classi-

fication between ER (0 output value) and NR (output value

of 1) events. The MLP is trained by minimizing the standard

binary cross-entropy loss:

HB = −
1

L

L
∑

i=1

log (1 − p (xin)) (B.3)

where L = 10 is the number of samples in the batch, and

p (xin) is the predicted class probability for each sample

extracted from the sigmoid output of the MLP. The archi-

tecture details of this classifier are listed in Table 3.

In Fig. 6 we show the receiver operating characteristic

curve (ROC) for a test set of 104 ER and NR events. We

observe an area under the curve (AUC) of 0.98. We compare

our classifier’s performance with the 99.98% ER rejection

obtained in previous DARWIN sensitivity studies [8,9]. Such

a large ER rejection probability is intended to mitigate leak-

age of ER’s into the WIMP NR signal region, but it comes at

the expense of a lower NR acceptance, which is estimated at

30% in Ref. [9]. The false positive rate (FPR) for our classi-

fier (which corresponds to ER leakage) at a true positive rate

(TPR) of 0.3 (correct NR classification), is denoted by the

black cross in Fig. 6, and is 0.11%, corresponding to 99.89%

ER rejection. We note that the standard approach uses the

assumption of Gaussianity for cS1 and cS2 to mitigate ER

leakage. Our classifier, however, makes no such assumption

as it operates on an event-by-event basis, and hence any mis-

classified events will simply modify the distribution of the

anomaly score, see Sec. 4. We also tried modifications of the

loss function in Eq. (B.3) to optimize the false positive rate

(i.e., minimize the number of mis-classified ER). Whilst this

indeed was successful, the number of mis-classified NRs also
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Fig. 6 Receiver operating characteristic (ROC) curve of the supervised

classifier trained to discriminate ER vs NR events, evaluated on a testing

set consisting of an evenly mixed sample of 104 NR and 104 ER events.

The area under the curve (AUC) is 0.98. The dashed blue lines indicate a

random classifier. The black cross denotes the false positive rate (FPR)

at a true positive rate (TPR) of 0.3, corresponding to the ER rejection

capability of the classifier when the NR acceptance is 30%

increased, leading to a net zero effect in the overall anomaly

score presented in Eqn. (2). Finally, we note that the choice

of architecture used to perform the event-by-event ER/NR

classification is largely irrelevant, as was seen in Ref. [36],

where comparable performance was observed from MLPs,

transformers, and boosted decision trees.

Appendix C Optimization of the supervised

contribution

The optimization of the hyperparameter R in Eq. (2) is a

choice to be made at the time of analysis, in order to maxi-

mize the observation of any anomalous T S component, if it

exists. To demonstrate this, we perform a scan over a range

of logarithmically spaced R values R ∈ [1, 107] at fixed sig-

nal injection benchmarks corresponding to WIMP masses of

30, 50 and 100 GeV at an exposure of 200ty. These values

of the WIMP mass were chosen in order to vary the spec-

tral dependence of the induced WIMP signal. We show the

median sensitivity, defined in Eq. (4), in Fig. 7, as a function

of R, for the three benchmarks. A smaller p−value means

better anomaly awareness and higher power to reject H0 in

the presence of a signal, and thus R should be chosen to min-

imize this value. We conduct this test at a cross-section that

yields a background rejection p-value of at least ∼ 3σ for

mχ = 50 GeV, so as to have ample statistics to perform the

test for all three mass benchmarks.

We observe that the spectral dependence of the anomaly

function T S entering through the ELBO as observed in Fig. 8

does not affect the dependence of the optimal R value, which

Fig. 7 optimization of the hyperparameter R that controls the contri-

bution of the supervised classifier in the determination of the anomaly

score T S. The p−value to reject H0 is given as a function of R for three

benchmark WIMP masses at fixed exposure of 200 ty and cross-section

σSI = 6.5×10−48 cm2. As the scattering cross-section merely rescales

the median sensitivity, the choice of R and cut value are insensitive to

it. The optimal value for mχ = 50 GeV is R = 2.5×105, shown by the

vertical dashed line. The variation in the location of optimal R value is

small for other mass benchmarks

lies at ∼ 2.5×105. The general variability of the p−value is

much more pronounced for mχ = 50 GeV due to DARWINs

elevated sensitivity to this mass. We observe that for R values

above ∼ 106, the p-value exhibits a plateau, which we have

checked persists for values R > 107. This indicates that

above this critical value of R, the influence of the VAE is

vanishingly small.

The above results highlight the importance of taking a

semi-supervised approach: the fact that the power to reject

H0 is maximized for R �= 0,∞ shows explicitly the need for

a combined supervised and unsupervised approach in order

to maximize sensitivity to anomalous physics. In principle,

R could be recast as a learnable parameter during training,

although we chose to leave this to future study. For this work,

we adopt an optimized R value of R = 2.5 × 105.

Previous studies observed that classifiers can perform well

as anomaly detectors (see, for example, Ref. [72]). An admix-

ture of many supervised and/or unsupervised components

could offer additional advantages, for example, by further

exploiting the topological structure of events observed in the

latent space. Indeed, Fig. 7 indicates non-triviality via the two

observed local minima in the R dependence of the median

sensitivity. We see that the latent data feature that is learned

by the VAE was the event recoil energy, whilst the classifier

learns the type of event. Both of these features are crucial

to a new physics discovery, regardless of origin. It may then

follow that other auxiliary models trained on the same and/or

combinations/sets of prompt detector outputs may yield even
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Fig. 8 Left: ELBO values as a function of ground truth recoil energy

ER for a validation set of events: total (ER+NR) background (gray) and

events from two WIMP benchmarks. The 1D marginals of the ELBO

and ER are also shown. Distributions are normalized densities for illus-

tration purposes. The separation in the 2D space shows that spectral

information has been encoded within the ELBO. Right: 2D tSNE of

the trained VAE’s 128-dimensional latent space for a validation sample

of ER events with true recoil energies in the range ER ∈ [1−100]. The

color scale represents ground-truth recoil energy ER of the events. The

non-trivial latent structure in ER confirms that the model has learned

spectral information

better anomaly awareness. We leave this as an interesting

question for future work in this domain.

Appendix D Spectral information encoding

The distribution of the ELBO from the VAE as a func-

tion of ground truth (simulated) event recoil energy ER is

shown for a validation sample with true recoil energies in

the range [1–100] keV in Fig. 8 (left panel). We plot the nor-

malized spectral distributions in the space spanned by ER

and ELBO for the total (ER+NR) background (gray) and for

events generated by two WIMP masses, mχ = 20, 500 GeV

(orange/magenta). We observe an interesting separation in

the distributions, pointing to the fact that the VAE is capable,

after training exclusively on background events, to distin-

guish the spectral distribution from WIMPs.

To visualize the latent representation of the data, we fur-

ther show a 2-dimensional t-distributed stochastic neighbor

embedding (tSNE) projection [73] of the 128-dimensional

latent space of the VAE in Fig. 8 (right panel). The non-trivial

structure of the latent space, even in a two-dimensional pro-

jection, demonstrates that spectral information has indeed

been incorporated into the model.

Appendix E Validation of VAE representation

To validate the true low-dimensional latent features of the

ER training data that were learned by the VAE, we carry out

a standard benchmarking test known as a ‘posterior predic-

tive check’ (PPC) [74,75]. An ideal model will generatively

produce samples that align with the target distribution, and

therefore produce a PPC ∼ 0. Given the one-dimensional

nature of our data (after vectorisation), we adopt the follow-

ing simple strategy: we generate N samples z̃ ∼ N (μ, σ 2)

from the latent space of the trained VAE and parsing them

through the decoder, to obtain the predicted output, x̃. A sep-

arate test set xtest that is withheld from training is then used

to calculate the relative reconstruction error:

Mean (PPC)( j) =
1

N

N
∑

i=1

(

x̃
( j)
i − x

( j)
itest

)

σ
( j)
test

, (E.4)

whereσ
( j)
test =

√

1
N

∑N
i=1

(

x
( j)
itest

− x̄
( j)
test

)2
is the standard devi-

ation of the distribution of test samples x ( j)
test

for feature (vec-

tor column) j = 1, . . . , 3835 and serves as a normalization

factor. We use N = 104.

We show the result of the PPC in Fig. 9 for all 3835 data

features. For clarity, we demarcate with vertical lines the fea-

tures corresponding to the S1 and S2 waveforms, as well as

the top and bottom S2 PMT hit-patterns. We plot the mean

PPC as a black curve with the ±1, 2σ uncertainties in green

and yellow, respectively. While a perfect network would pro-

duce a PPC of zero for all features, we observe that our net-

work’s output lies within 1σ of 0 for all features, indicating

that it has learnt the underlying properties of the training data.

The largest deviation from zero occurs for features at small

pulse times for S1 and S2 waveforms (i.e., close to the start

of the S1/S2 feature indices, indicated by the vertical lines).

This is expected since most of the events used during training

have a small or zero S1/S2 value at larger times (cf. Figure 1).
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Fig. 9 Posterior predictive checks performed on 104 samples from the

latent space of the trained VAE. A perfect VAE would produce a PPC

of zero for all feature indices. The black curve is the mean PPC from

Eqn. (E.4), with ±1σ and 2σ estimates shown as green and yellow

bands, respectively. Each feature index corresponds to an element of

the input data vector xin. The vertical gray dashed lines demarcate the

subdivision into the S1/S2 wave-forms and S2 PMT Top and PMT

Bottom hit patterns

Therefore, the network has fewer issues learning this degen-

eracy at large times and can reconstruct the corresponding

features toward the ends of the S1/S2 feature index. This,

however, can lead to larger variance in the PPC distribution

of some features due to the model’s lack of reconstruction

power in regions of degenerate zeros in the feature space, as

are observed as spikes in the 1/2σ bands. We observe near-

perfect reconstruction for the top S2 PMT array, but observe

a slight, positive offset for the bottom PMT. We attribute this

behavior to the bottom PMT displaying what is mostly uni-

form noise for the majority of ER events, as seen in Fig. 1.

Hence, the values for which the VAE can optimize the ELBO

are somewhat arbitrary and present as a systematic offset.

The top PMT array, however, displays concentrated deposits

that are well associated with the event properties and can

therefore be learned more easily.
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