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Abstract

Coherent elastic neutrino-nucleus scattering (CEνNS) is a weak neutral-current
process in which a neutrino scatters off of a nucleus as a whole. Following an initial
observation by the COHERENT collaboration in 2017, the next-generation COH-
Ar-750 detector is being developed to measure CEνNS with percent-level precision
and probe for physics beyond the Standard Model. A primary design challenge is
mitigating neutron backgrounds from the Spallation Neutron Source (SNS) at Oak
Ridge National Laboratory (ORNL), as neutron-induced nuclear recoils produce
signals that are nearly indistinguishable from CEνNS. The detector’s veto system
combines passive shielding using lead and water blocks with active shielding using
plastic scintillator panels. Because neutrons have a low probability of depositing
energy in the active liquid argon volume, extensive Monte Carlo event simulations
are required to optimize the arrangement of these shielding materials. In this work,
we addressed this challenge with a Rare Event Surrogate Model (RESUM) to
optimize the shielding design for COH-Ar-750. RESUM integrates a Conditional
Neural Process (CNP) with a Multi-Fidelity Gaussian Process (MFGP) to reduce
the need for expensive simulations. Our experimental results suggested thicker
water shielding and thinner veto panels increase neutron rejection efficiency, with
RESUM achieving a correlation coefficient of r = 0.880 and well-calibrated
uncertainties. This work demonstrates that RESUM has the potential to accelerate
the design optimization of a broad range of rare event search experiments.

1 Introduction

The Standard Model (SM) of particle physics represents the prevailing theory of how known ele-
mentary particles interact. In the SM, coherent elastic neutrino–nucleus scattering (CEνNS) is a
process in which a neutrino transfers a small amount of momentum to an entire atomic nucleus via
the neutral weak current, causing the nucleus to recoil without breaking apart or exciting internal
states. CEνNS was first detected by the COHERENT experimental collaboration in 2017 [1]. Since
then, COHERENT has been dedicated to installing more detectors to better understand CEνNS. The
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newest planned detector is the COH-Ar-750 [2] detector, designed to deliver percent-level CEνNS
measurements with liquid argon (LAr) detector technology.

A central challenge designing COH-Ar-750 is predicting and controlling neutron backgrounds from
the Spallation Neutron Source (SNS) [3], an accelerator-based neutron production site at Oak Ridge
National Laboratory (ORNL). Although the SNS produces a copious flux of neutrinos from pion
decay, it also generates intense neutron fluxes. Since neutron-induced nuclear recoils in LAr are
indistinguishable from CEνNS in a LAr detector, even small residual backgrounds can overshadow
the signal of interest and reduce experimental sensitivity. To mitigate this, the experiment relies on
both passive shielding (lead and water blocks) and active shielding (plastic scintillator veto panels).
Optimizing the construction of these design parameters is critical for maximizing background
rejection while keeping the experiment practical. Traditionally, optimization would involve Monte
Carlo estimation; however, since neutrons have a low probability of depositing energy in the active
LAr volume (i.e. as a rare event), extensive Monte Carlo event simulations would be needed to
accurately find these optimal parameters.

The Rare Event Surrogate Model (RESUM) [4] was created by LEGEND [5] [6], a neutrinoless
double-beta (0νββ) decay [7] experiment, to optimize their neutron shield design. RESUM combines
a Conditional Neural Process (CNP) [8] with a Multi-Fidelity Gaussian Process (MFGP) [9] [10] to
tackle rare event-limited design optimization. The CNP captures predictive structure from abundant
low-fidelity simulations, while the MFGP fuses these predictions with sparse high-fidelity simulations
to predict experimental performance across the design space. In this work1, we show results of
the application and validation of RESUM on COH-Ar-750 simulations, providing indications of
optimized neutron rejection efficacy based on different water shielding and veto panel thickness
configurations. The GitHub repository is available here.

2 Methods

2.1 COH-Ar-750 simulation

The training data for RESUM were generated through Monte Carlo simulations of the COH-Ar-
750 detector geometry using particle simulation toolkit Geant4 [11] [12] [13], focusing on neutron
backgrounds originating from the SNS. Each simulated event is defined by (i) a single design
parameter θ, indicating the thickness of the veto panel2, and (ii) event-level parameters including the
incoming neutron’s position, momentum, and energy, as well as energy depositions in the nuclear
recoil volume and the active veto scintillator panels. The resulting event-level dataset therefore
encodes both geometry-dependent shielding effects and stochastic neutron transport outcomes,
providing the raw inputs for training the surrogate model.

When each neutron propagates within the Geant4 simulation framework, its final state can be
parameterized by a binary target variable, target_active, which indicates rare but problematic
outcomes where a neutron successfully enters the active LAr detector volume by penetrating the veto
panels. Therefore, target_active is set to 1 when veto_active = 0 and detector_active
= 1, corresponding to a veto miss coincident with a detector hit. Across 100 distinct shielding
configurations θk—97 low-fidelity (LF) simulations each with N = 42,000 events and 3 high-fidelity
(HF) simulations each with N = 1,002,000 events—the dataset comprises 7,080,000 simulated
neutron events, of which 227,049 satisfy target_active = 1. Averaged over configurations, this
corresponds to an overall rate of ∼ 3.21%, i.e. approximately 1.35× 103 target_active events
per LF simulation and 3.21× 104 per HF simulation. Since target_active has a low occurrence
rate as a rare event, training with RESUM allowed us to avoid the cost of extensive high-statistics
simulations.

The design vector θ = (veto_thickness_mm) varies within [10, 110] mm. For each θ, Geant4
produced neutron events with event-level parameters

ϕ = (x, y, z, E, px, py, pz, ENR, Eveto),

1This is not a COHERENT project, and is not endorsed by the COHERENT collaboration.
2Water shielding thickness (water_shielding_mm) and veto panel thickness (veto_thickness_mm) sum

up to a fixed value (126.2 mm), therefore we only define one design parameter.
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Figure 1: Overview of RESUM framework. The CNP trains on LF data to generate "probabilities"
of signal, represented as yLFCNP values. These predicted values, along with batched "probabilities"
from HF simulation data yHF

raw, are fed into the MFGP to estimate design metrics ŷLFCNP, which are
used for validation of ŷraw for unseen LF configurations.

corresponding respectively to the neutron’s generation position, kinetic energy, momentum, and
energy depositions in the nuclear-recoil volume and veto panels. The binary target variable for an
event i is Xi ∈ {0, 1}, where X = 1 indicates target_active = 1.

2.2 RESUM overview

Similar to COH-Ar-750, RESUM was originally created to find the optimal design configuration of
the LEGEND neutron shield. RESUM consists of three main algorithm parts: (i) an event-level CNP,
(ii) a configuration-level MFGP, and (iii) an adaptive sampling technique for guiding additional HF
simulation θs. The simulations produced for LEGEND were structured similarly to those described
for COH-Ar-750 in the previous subsection, with design vectors θ, event-level parameter vectors ϕ,
and binary target variables X , with data from both low- and high-fidelity simulations. The role of the
CNP is to smooth out the highly-discrete, binary 0–1 target variable into a continuous probability of
detection β for each event. These β values are then averaged over all events for a given θ to produce
design metric yCNP, which can be considered a smoothed approximation of yraw at lower fidelity.
Overall, three design parameter-specific metrics are calculated following the CNP step: yraw, the
fraction of events satisfying target_active = 1 for a given θk in a HF simulation, calculated with
the following definition:

yraw =

∑
Xi

N
,

and the ultimate design metric we want to minimize; yHF
CNP, the CNP score calculated for HF events;

and yLFCNP, the CNP score calculated for LF events. These three metrics are used to inform the MFGP.

The role of the MFGP, built from the Emukit Python library [14], is to interpolate HF data with LF
data, since the latter are comparatively computationally cheap to simulate and allow for coverage
of a broader range of design parameters. The MFGP can not only emulate multiple fidelities but
also output uncertainties for its emulation, and during inference, the model is expected to predict
yraw for out-of-sample datasets. The MFGP step is followed by the adaptive learning technique,
an acquisition function allowing RESUM to converge on the most optimal design parameters with
the goal of informing future HF simulation runs. See Appendix A.1 and Ref. [4] for details of the
RESUM framework.

In this work, we inherited the same structure as Ref. [4], albeit without the application of active
learning. This work also used Matérn 3/2 kernels instead of Radial Basis Function (RBF) kernels for
the MFGP. In addition, our MFGP was trained only on yLFCNP and yHF

raw. The full end-to-end workflow
is summarized in Figure 1. Training and validation details of RESUM in this work can be found in
Appendix A.2.

3 Results & Discussion

Using 9 representative LF CNP configurations and 3 raw HF configurations, the MFGP learned to
predict yraw across 88 held-out LF θ configurations. Figure 2a compares the median LF rate yLFraw with
median CNP outputs yLFCNP across all validation configurations. While yLFraw fluctuates due to limited
counts in the 0.02− 0.06 range, yLFCNP displays significantly less fluctuation across a broader range of
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Model Dataset (#train, #val) 1σ̂ [%] 2σ̂ [%] 3σ̂ [%]
COH-RESUM (9 LF + 3 HF, 88 LF) 71.6 96.6 100

Proper statistical coverage 68.27 95.45 99.73
Table 1: Benchmarking result of RESUM applied to COH-Ar-750.

0.14− 0.28. As a result, yLFCNP reveals a clear overall trend where thicker water shielding and thinner
veto panels reduce the neutron background probability. While this seems unexpected—the veto panels
were designed to shield from neutrons, and in theory should do that better than water—Figure 2b
clearly demonstrates that the RESUM model is correct and faithfully reproduces the overall trend of
the Geant4 simulations. Although outside the scope of this project, it appears that the veto efficiency
of the Geant4 simulations has a weak dependence on thickness, and the detector_active fraction
has a strong dependence. Further investigation would be required to determine the reason behind
these dependencies.

Figure 2b shows the predicted means with calibrated ±1σ̂, ±2σ̂, and ±3σ̂ bands, the results of
which are listed in Table 1. Statistical coverage was calculated by averaging yraw for each of the 88
configurations and counting the means falling within the uncertainty bands, with σ̂ predicted by the
MFGP. The MFGP reproduced the aforementioned overall decreasing dependence of background
probability on shielding geometry, with predictions correlating strongly with LF validation values
(r = 0.880). Thus, the MFGP demonstrates reliable uncertainty quantification in addition to accurate
means.

Furthermore, RESUM produced these results with significantly reduced data and computation costs.
Without RESUM, traditional exploration of COH-Ar-750’s shielding design space with the MFGP
would require 12 HF simulations (12,024,000 events). With RESUM, 9 of those HF simulations
were replaced by LF simulations; only 3 HF and 9 LF simulations were needed (3,384,000 events),
saving 8,640,000 events (∼ 72% fewer).

4 Conclusion

This study demonstrates that RESUM provides an efficient approach to optimizing the shielding
configuration of the COH-Ar-750 detector. By training a CNP on abundant LF simulations, RE-
SUM produced uncertainty-aware predictors that revealed an overall decreasing trend in neutron
background as water shielding increases (and a corresponding increase with veto thickness under
the fixed-thickness constraint). These features were then transferred to the MFGP, which fused them
with sparse HF simulations to produce predictions for the configuration-level raw rate yraw. The
surrogate achieved a strong correlation with LF validation results (r = 0.880) and statistical coverage
closely matching Gaussian expectations (71.6% within 1σ̂, 96.6% within 2σ̂, and 100% within 3σ̂),
confirming predictive accuracy. RESUM also showed it could offer a more resource-efficient method
of design optimization, requiring over 70% less data by utilizing both LF and HF simulations instead
of only HF simulations.

Beyond this specific application to COH-Ar-750, RESUM demonstrates broader potential for detector
design optimization across rare event search experiments. Future work will focus on (i) generating
additional out-of-sample Geant4 simulations to further validate the trained model, (ii) conducting
interpretability studies to understand the decreasing trends identified by RESUM, and (iii) extending
the approach to other rare event detector design tasks such as LArTPC calibration source optimization.
RESUM’s ability to efficiently search large design spaces while providing uncertainty-aware metric
predictions positions it as a powerful tool for maximizing the discovery potential of next-generation
rare event search experiments.
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J. Perl, I. Petrović, M.G. Pia, W. Pokorski, J.M. Quesada, M. Raine, M.A. Reis, A. Ribon,
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A Appendix

A.1 RESUM framework

Batch level (CNP). In the simulations, each shielding configuration is indexed by k, and within that
configuration each neutron event is indexed by i. The binary outcome Xki ∈ {0, 1} indicates whether
the i-th event under shielding design θk both enters the detector and escapes veto detection. Directly
modeling these rare Bernoulli outcomes produces high variance at small N . To stabilize statistics,
we partition each LF simulation into fixed-size batches indexed by B, and compute batch-averaged
event-level features together with the corresponding average of the raw binary outcomes. These
batch-level summaries are then used as inputs to the CNP. The CNP encoder aggregates across context
batches, and the decoder maps a batch summary to a Gaussian-distributed output, from which we
obtain one probability per batch:

yLFCNP ≈ Pr(X = 1 | θ,B).

This representation smooths the discrete LF outcomes while preserving sensitivity to shielding design
parameters.

Configuration level (MFGP). At the next stage, the surrogate learns how LF CNP batch prob-
abilities transfer to HF outcomes. Let fL(θ) denote the latent LF function corresponding to yLFCNP

and fH(θ) the HF function corresponding to the raw HF tally yHF
raw = m/N , for N total background

events and m number of background events satisfying target_active = 1. We fit a two-level
co-kriging model with the standard autoregressive form

fH(θ) = ρ fL(θ) + δ(θ),

following [4] with fL ∼ GP(0, kL), δ ∼ GP(0, kδ). It should be noted that while the Radial Basis
Function (RBF) kernel was used for kL and kδ in the original study, Matérn 3/2 kernels were chosen
for this experiment, as during initial model tuning the Matérn kernels produced better ŷraw and σ̂
predictions due to greater exploration of the parameter space. Later tuning also revealed that the
coverage produced by the Matérn 3/2 kernel was closer to proper statistical coverage compared to
that by the RBF kernel. The training datasets are abundant LF pairs {(θk, yLFCNP} and sparse HF pairs
{(θk, yHF

raw}, with each pair representing a batch. Conditioning the joint GP then yields posterior
means and variances for unseen LF configurations, providing calibrated HF-level predictions with
quantified uncertainty.

A.2 RESUM training and validation

CNP training and feature extraction. Since yraw has high statistical variance by being aggregated
from discrete rare-event outcomes, the CNP "converts" these values to continuous yCNP scores,
substantially reducing variance while preserving the target variable’s dependence on θ. The CNP
model was trained on the event-level data from only the 9 designated LF simulations (chosen evenly
across the design space) and then used as a feature extractor. For the simulations designated for
MFGP training (9 LF and 3 HF), these batch-level scores were used directly. For the 88 held-out
simulations, yLFCNP were generated to create the graph in Figure 2a.

MFGP training and validation. The MFGP was trained to map the smoothed LF features to the
true HF outcomes using fine-grained data from the training simulations. It was trained on two datasets
at the batch level:

• Low-fidelity data: The set of all batch-level pairs {(θk, yLFCNP)} from the 9 LF training
simulations.

• High-fidelity data: The set of all batch-level pairs {(θk, yHF
raw)}, where yHF

raw is the ground-
truth background rate for each batch from the 3 expensive HF simulations.

For validation, the model’s predictive performance was assessed at the configuration level. The MFGP
predicted the final background rates for the 88 held-out LF configurations, using their respective θk
as input. These predictions, along with their corresponding ±1σ̂, ±2σ̂, and ±3σ̂ uncertainty bands,
were then compared to the mean of all batch-level yLFraw in each LF configuration to generate the final
validation plots and assess the model’s statistical coverage.
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