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The Pacific Ocean Neutrino Experiment (P-ONE) is a planned cubic-kilometer-scale neutrino
detector in the Pacific Ocean. P-ONE will measure high-energy astrophysical neutrinos to charac-
terize the nature of astrophysical accelerators. Using existing deep-sea infrastructure provided by
Ocean Networks Canada (ONC), P-ONE will instrument the ocean with optical modules - which
host PMTs and readout electronics - deployed on several vertical cables of about 1 km in length.
While the hardware design of the first prototype cable is currently being finalized, the detector
geometry of the final instrument (up to 70 cables) is not yet fixed. Conventional design opti-
mization typically requires extensive Monte-Carlo simulations, which limits the testable search
space to a few configurations. In this contribution, we present the progress of optimizing the
detector design using machine-learning-based surrogate models, which replace the computation-
ally expensive MC simulations. By providing gradients, these models also allow for the efficient
computation of detector resolutions via the Fisher Information Matrix, without having to rely on
specific event-reconstruction algorithms. We present the physics sensitivities of various possible
detector geometries calculated with the PLEnuM software tool.
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1. Introduction

The Pacific Ocean Neutrino Experiment (P-ONE) is a planned multi-cubic-kilometer neutrino
telescope in the Pacific Ocean [1]. P-ONE will be deployed at Cascadia basin, off the coast of
Vancouver Island. There, it will be integrated into the already existing NEPTUNE observatory,
hosted by Ocean Networks Canada (ONC). NEPTUNE consists of a 800 km-long cable loop,
providing power and optical communication, with several access nodes along the loop. P-ONE
will instrument the ocean with an array of optical modules (POMs). The POMs are deployed on
cables that are moored to the seabed. Each POM houses 16 photo-multiplier tubes (PMTs), together
with high-voltage power supply, digitization, and communication electronics. The first prototype
detector line (P-ONE-1) is currently under construction [2]. On a length of just above 1 km, it will
support 20 POMs with 50 m vertical spacing. P-ONE-1 is designed to be the first line of a full
detector array targeting 70 lines.

Similar to existing neutrino telescopes, such as IceCube, KM3NeT, and Baikal-GVD, P-
ONE will detect neutrinos by measuring Cherenkov light from secondary particles produced in
neutrino interactions. The properties of the final state of the neutrino interaction, such as the
energies and momenta of the secondary particles, determine the observable data. Different neutrino
flavors and interaction types result in different event morphologies. In water or ice, hadronic and
electromagnetic (EM) particle cascades produced in neutrino interactions typically evolve over
a distance of 10 m to 20 m, hence resulting in a localized light emission compared to the POM
spacing. a` CC interactions produce secondary muons, which are able to propagate for large
distances, resulting in long tracks of light emission. a𝜏 CC interactions can result in a variety of
complex morphologies and are not discussed further in this work.

Track-type and cascade-type morphologies are complementary in terms of detection efficiency
and reconstruction resolutions. Due to their large "lever arm" (photons are emitted over a large
distance), tracks typically have a good angular resolution. However, high-energy muons can
propagate for several kilometers in ice or water, hence no calorimetric energy measurement is
possible. This results in poor energy resolution. Cascades are complementary as their lever arm is
significantly shorter, such that the light emission is contained in the detection volume. This results
in a poorer angular resolution, but a calorimetric energy measurement is possible. As a result, the
different event morphologies have different scaling behavior in terms of detection efficiency and
resolution depending on the detector design: cascades benefit primarily from a densely instrumented
detector, whereas tracks benefit from a larger lever arm.

The properties of the different event topologies make the optimization of the detector geometry
of the full 70-string detector a non-trivial exercise. In the following, we will present a machine-
learning-aided pipeline for optimizing the detector design. This allows us to efficiently obtain
figures of merit for a wide range of possible detector designs, which is complementary to the
conventional simulation-based approach presented in [3, 4].

2. Detector Response

The detector response for a given detector geometry is calculated as a function of the properties
of incoming neutrinos in order to optimize the detector geometry of P-ONE. The relevant neutrino
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properties are: Energy 𝐸 , direction Ω = {\, 𝜙}, flavor 𝑓 and interaction vertex position ®𝑥.
The detector response consists of two parts: The first is the probability of detecting a neutrino

with properties (𝐸,Ω, 𝑓 , ®𝑥). This probability is typically characterized by the effective area1, which
relates the differential, per flavor neutrino flux 𝑑Φa 𝑓

/𝑑𝐸𝑑Ω at Earth’s surface and the neutrino
detection rate 𝑅 𝑓 :

𝑅 𝑓 =

∫
𝑑Φa 𝑓

𝑑𝐸𝑑Ω
𝐴

𝑓

eff (𝐸,Ω) · 𝑇 𝑓 (𝐸,Ω, ®𝑥) · 𝐼 𝑓 (𝐸,Ω, ®𝑥) 𝑑𝐸 𝑑Ω. (1)

Here, 𝑇 𝑓 is the transmission probability of a neutrino of flavor 𝑓 from Earth’s surface to the detector
and 𝐼 𝑓 is the interaction probability in (or near) the detector. We define the effective area as:

𝐴
𝑓

eff (𝐸,Ω, ®𝑥) = 𝐴geo · 𝜖 𝑓 (𝐸,Ω, ®𝑥), (2)

where 𝐴geo is the geometric area of the detector and 𝜖 is the detection efficiency. 𝑇 and 𝐼 can be
obtained analytically, whereas 𝜖 is typically obtained from Monte-Carlo simulations. Especially for
cascades, another useful quantity for studying the detection efficiency is the effective Volume:

𝑉eff = 𝑉geo · 𝜖 𝑓 (𝐸,Ω, ®𝑥), (3)

where 𝑉geo is the instrumented volume.
The second part of the detector response is the detector resolution. The neutrino interaction,

light yield, and detection process are all stochastic processes, hence we need to obtain estimators
(reconstructions) of the neutrino properties by statistical inference. Formally, the detector resolution
is the conditional probability density: 𝑝(�̂� , Ω̂, ®̂𝑥 | 𝐸,Ω, ®𝑥), where �̂� , Ω̂, ®̂𝑥 are the reconstructed
quantities. Written in this fashion, this function can also be interpreted as the likelihood of the
reconstructed quantities for given true quantities. While this function contains the full information
about the resolution, it is often useful to calculate a summary statistic to compare different detector
configurations. Here, we use the covariance: b = cov[(𝑝(�̂� , Ω̂, ®̂𝑥) | 𝐸,Ω, ®𝑥].

3. Surrogate Model

Calculating the detection efficiency, 𝜖 , and the detector response, b, typically requires large-
scale Monte-Carlo simulations. These simulations are made for a fixed detector geometry, and an
update to the geometry requires a new simulation. Here, we propose to use a surrogate model,
which allows us to parametrize large parts of the MC simulation pipeline and thus calculate 𝜖 and
b at a fraction of the computational cost of a conventional simulation campaign.

Neutrino telescopes measure the arrival time, 𝑡𝑖 𝑗 , per photon 𝑗 and the total number of photons,
𝑛𝑖 , at each PMT 𝑖. Their distributions contain all observable information from neutrino interactions
inside the detector. Hence, we build a surrogate model which predicts the arrival time distribution
and expected photon counts at each PMT as a function of the final state parameters of a neutrino
interaction. Once these distributions are calculated, the response of the PMTs, the digitization and
respective uncertainties can be obtained subsequently; this is not yet included in this work.

1The product of effective area, transmission and interaction probability is often referred to as "neutrino effective area",
whereas the effective area as defined here is also referred to as "muon effective area".

3



P
o
S
(
I
C
R
C
2
0
2
3
)
1
0
5
9

Machine-learning aided detector optimization of the Pacific Ocean Neutrino Experiment Christian Haack

For the surrogate model, we assume a single POM as base detection unit. As the data measured
by each POM are independent2, it is sufficient to construct a surrogate model for a single POM.
Assuming that the detector medium is homogeneous, we evaluate the neutrino final state position
and direction in a coordinate system relative to the POM.

Our surrogate model consists of two parts: The first predicts the arrival time distribution and
the second predicts the expected amplitude. The arrival time distribution is modeled using a rational
quadratic (RQ) normalizing flow [5, 6]. A normalizing flow transforms samples 𝑋 drawn from a
base distribution, 𝑝𝑋 (𝑥), to a target distribution, 𝑝𝑌 (𝑦), using an invertible function 𝑦 = 𝑓\ (𝑥).
The PDF, 𝑝\

𝑌
(𝑦), of the transformed variable 𝑌 is obtained through the change of variables formula

for random variables

𝑝\
𝑌 (𝑦) = 𝑝𝑋 ( 𝑓 −1

\ (𝑦)) ·
����𝑑𝑓 −1

𝑑𝑦

���� . (4)

This construction allows both drawing a sample from the target distribution and evaluating the PDF.
For RQ normalizing flows, the function 𝑓 is chosen as a 𝑘 piecewise, monotonic rational quadratic
splines. The flow is parametrized by 3𝑘 − 1 parameters \, which determine the spline knots and
their derivatives. Manipulating \ allows the flow to transform the base distribution into a wide
range of shapes. Here, our target distribution 𝑝\

𝑌
(𝑦) is the photon arrival time distribution. We

obtain samples 𝑦𝑖 with our simulation pipeline and use maximum likelihood estimation to obtain
the flow parameters \.

To encode the change of the arrival time distribution as a function of the neutrino final
state parameters ®𝑢 = (𝐸, \, 𝜙, . . .), we use a neural network (multi-layer perceptron, MLP) to
predict the flow parameters \: Hence, our optimization procedure now consists of optimizing the
MLP parameters (using stochastic gradient descent), with loss function −L(𝑦𝑖 , \). Evaluating the
arrival time distribution for a given parameter vector ®𝑢 now consists of first obtaining the encoded
normalizing flow parameters \ ( ®𝑢) from the neural network and then evaluating Equation 4.

The prediction of the expected amplitude _ is done with a second MLP, which is trained to
predict log_ using a Poisson loss. Using both models, we construct the likelihood of observing 𝑛𝑖

photons at times 𝑡𝑖 𝑗 at a PMT 𝑖:

L𝑖 ({𝑡𝑖 𝑗}, 𝑛𝑖 | ®𝑢) = exp(−_( ®𝑢)) · _( ®𝑢)
𝑘

𝑘!
·

𝑛𝑖∏
𝑗

·𝑝\ ( ®𝑢) (𝑡𝑖 𝑗). (5)

Using this likelihood, we calculate the Fisher Information Matrix:

𝐼𝑖 𝑗 ( ®𝑢) = 𝐸

[
𝜕logL
𝜕\𝑖

· 𝜕logL
𝜕\ 𝑗

���� ®𝑢] , (6)

where the expectation value is evaluated by drawing samples from the underlying probability density
functions. The partial derivatives are evaluated using automatic differentiation. Finally, the Cramér-
Rao bound states that the covariance of any unbiased estimator 𝑇 ({𝑡𝑖 𝑗}, 𝑛𝑖) of the parameters ®𝑢 is
bounded by:

cov(𝑇 ( ®𝑢)) ≥ 𝐼−1( ®𝑢). (7)

2Module shadowing can be neglected
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Hence, the inverse Fisher Information Matrix allows us to calculate the statistical limit of the
detector resolution achievable with a certain detector configuration.

4. Detector Simulation

The training data for the surrogate model is obtained from a conventional detector simulation.
In general, these simulations consist of the following steps: 1) Simulation of the neutrino interaction
and computation of the final states. 2) Evolution/propagation of the final states and calculation of
the Cherenkov light yield. 3) Propagation of Cherenkov photons to detection modules / PMTs. 4)
Calculation of the PMT response and readout. 5) Trigger simulation. For the purposes of neutrino
telescopes, the total Cherenkov light yield of high-energy hadronic and EM particle cascades can
be parametrized in order to avoid expensive MC evolution of the full particle cascade [7].

Additionally, most event topologies can be approximated by a combination of hadronic (or
EM) particle cascades and muons. For this study, we average the stochastic energy losses of energy
muons, resulting in "lightsaber" muons. Lightsaber muons of energy 𝐸 emit a constant number of
photons per length, where this constant is derived from the mean light yield of stochastic muons.

High-energy neutrino interactions can produce upwards of 1010 photons. Exact simulation of
the resulting photon trajectories, including scattering in the medium, is computationally expensive.
Here, we use a custom GPU-based photon propagation code3 to obtain the training data for the
surrogate model, i.e. photon arrival time distributions and expected number of hits. We assume
the detection medium (ocean water) to be homogeneous, with optical properties as measured by
the STRAW experiment [8]. We produce two simulation sets to train the surrogate model: One for
lightsaber muons and one for EM cascades. These allow us to quantify the detector response of the
most important event classes.

5. Results

Figure 1 shows a comparison between the full MC photon propagation and the surrogate model
expectation for lightsaber muons for the total number of detected photons summed over all PMTs.
The surrogate model accurately captures the distance dependence of the expected photon flux.
Models trained on different subsets of the training data allow quantifying the model uncertainty.

We use the surrogate models to study a toy P-ONE detector with 70 detector lines. Each line
is modeled after P-ONE-1, thus containing 20 POMs with 50 m vertical spacing. The lines are
arranged in clusters of 10 lines each, where 6 clusters are arranged radially around the central 7th
cluster. The lines in each cluster are arranged on a hexagonal grid. We use a scaling parameter
("spacing") to scale the hexagonal grid of each cluster, as well as the distance between clusters. For
all studies, we keep the total number of sensors fixed, so that the spacing effectively controls the
sensor density. The detection efficiency is obtained by evaluating the amplitude surrogate model.
P-ONE will use a triggered data readout, which at its core will consist of a module-level local-
coincidence trigger (LC), requiring ≥ 𝑛𝐿𝐶 hits on two separate PMTs per POM. A simple event
trigger then consists of requiring ≥ 𝑛𝑃𝑂𝑀 fulfilling the LC condition. Since we do not consider
noise in this study, we also do not include any time-based information in our trigger definitions. In

3https://github.com/PLEnuM-group/PhotonPropagation.jl
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(a) Detector number of photons as function of the closest
approach distance to the POM.

(b) Time residual distribution of a single PMT for a distance
of 6 m to the muon track.

Figure 1: MC photon propagation for a lightsaber muon with 𝐸 = 50 TeV compared to the surrogate model
predictions. Models A, B, and C are surrogate models trained on different subsets of the full training sample.

the following, we choose 𝑛𝐿𝐶 = 2 and 𝑛𝑃𝑂𝑀 = 3. The resulting detection efficiency is shown in
Figure 2. The optimal spacing for both tracks and cascades is strongly energy dependent, although
comparable for both morphologies. For the highest energies, the effective area/volume surpasses
the instrumented volume. This is due to uncontained events which pass outside the instrumented
volume, but deposit enough light in the outer POMs to fulfill the trigger condition.

Figure 2: Predicted muon effective area for lightsaber muons (left) and effective volumes for cascades
(right) using the surrogate model. The dotted lines show the geometric area and the geometric volume of the
detector. For the area, it is averaged over a uniform direction of tracks.

Figure 3 shows the angular resolutions derived from the Cramér-Rao covariance matrix. For
Cascades, the resolution monotonically degrades as a function of the string spacing. For horizontal
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tracks (between 70 deg and 110 deg zenith angle) the increasing lever arm can compensate for the
decrease in sensor density, with an optimum visible at medium energies at ≈ 80 m. For vertical
tracks, the resolution degrades quickly with increasing spacing.

Figure 3: Predicted angular resolution for cascades and lightsaber muons and using the surrogate model and
the Cramér-Rao averaged over a uniform flux.

The predicted detector response allows us to conduct a toy sensitivity study for a typical
benchmark analysis in neutrino telescopes. We use nuSQuIDS4 to propagate neutrinos through
Earth and the CSMS [9] cross-section to calculate the neutrino interaction probability for a𝑒 − 𝐶𝐶

interactions. The resulting neutrino effective areas and resolutions are used in the PLEnuM-tool[10]
to calculate the expected discovery potential for measuring the isotropic astrophysical neutrino flux
with 10 years of livetime5. The resulting significance as a function of the line spacing is shown in
Figure 4.

6. Conclusions

In this contribution, we present a novel method for optimizing the detector geometry of a
neutrino telescope. A surrogate model based on normalizing flows can learn the detector response,
giving access to the full detector likelihood function. This does not only enable efficient event
simulations for arbitrary detector configurations but also the calculation of the statistical limit of the
detector resolution achievable for a given detector geometry. Using the planned P-ONE neutrino
telescope as a motivation, we have demonstrated how the surrogate model can be used to calculate
the detector response as a function of the horizontal line spacing. In the future, the detector response
can be fed into analysis frameworks (such as PLEnuM) to calculate figures of merit for a wide range
of science cases as a function of the detector geometry.

4https://github.com/arguelles/nuSQuIDS
5Note, this includes only the a𝑒 − 𝐶𝐶 channel
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Figure 4: OLD PLOT: Discovery potential of the isotropic astrophysical flux in arbitrary time units using
EM cascades
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