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Abstract

Deep learning algorithms often are developed and trained on a training dataset and deployed on
test datasets. Any systematic difference between the training and a test dataset may severely degrade
the final algorithm performance on the test dataset—what is known as the domain shift problem.
This issue is prevalent in many scientific domains where algorithms are trained on simulated data
but applied to real-world datasets. Typically, the domain shift problem is solved through various
domain adaptation (DA) methods. However, these methods are often tailored for a specific
downstream task, such as classification or semantic segmentation, and may not easily generalize to
different tasks. This work explores the feasibility of using an alternative way to solve the domain
shift problem that is not specific to any downstream algorithm. The proposed approach relies on
modern Unpaired Image-to-Image (UI2I) translation techniques, designed to find translations
between different image domains in a fully unsupervised fashion. In this study, the approach is
applied to a domain shift problem commonly encountered in Liquid Argon Time Projection
Chamber (LArTPC) detector research when seeking a way to translate samples between two
differently distributed LArTPC detector datasets deterministically. This translation allows for
mapping real-world data into the simulated data domain where the downstream algorithms can be
run with much less domain-shift-related performance degradation. Conversely, using the
translation from the simulated data to a real-world domain can increase the realism of the
simulated dataset and reduce the magnitude of any systematic uncertainties. To evaluate the quality
of the translations, we use both pixel-wise metrics and a downstream task to measure the
effectiveness of UI2I methods for mitigating the domain shift problem. We adapted several popular
UI2I translation algorithms to work on scientific data and demonstrated the viability of these
techniques for solving the domain shift problem with LArTPC detector data. To facilitate further
development of DA techniques for scientific datasets, the ‘Simple Liquid-Argon Track Samples’
dataset used in this study is also published.

1. Introduction

Deep Learning (DL) methods are finding widespread and unprecedented applications in multiple areas of
science and technology. Constructing supervised DL models requires access to large volumes of properly
labeled, high-quality real-world data. However, labeling real-world scientific data is often difficult, costly, or
otherwise impossible [1-4]. To workaround the issue, many scientific domains resort to using simulation as
a means of obtaining large quantities of labeled data. Although this approach solves the lack of labeled data
problem, it introduces another challenge. As there often exists systematic differences between the simulated

© 2024 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Learning to translate without pairing. An unpaired translation problem features two domains with samples that are not
paired, e.g. cats and dogs. For an input image from the source domain, a neural translation algorithm needs to produce
translations resembling samples in the target domain. In the meantime, the translations must retain certain consistency with their
input. The first row demonstrates that a deep neural network model can be trained to translate cats into lifelike yet nonexistent
dogs while maintaining features such as fur color patterns and facial orientations. Our work investigates if UI2I translation can be
adapted to translate between two domains of LArTPC images.

and real-world data, a DL algorithm trained on a simulated dataset can exhibit degraded performance when
it is applied to real-world data. This issue is known as the domain shift problem [1, 5-7].

In this work, we consider tackling the typical domain shift problem in Liquid Argon Time Projection
Chamber (LArTPC) detector research. LArTPC is a particle tracking and calorimetry detector
technology [8—10] that forms the basis for detectors used by experiments such as MicroBooNE [11],
ProtoDUNE [12], and the next-generation DUNE [13]. As with other detector technologies, obtaining
human labels for real-world detector data is prohibitively costly. Therefore, physicists rely on scientific
detector simulations to generate labeled data and develop analysis algorithms. While the manually designed
analysis algorithms are continuously tested to ensure they are minimally affected by the domain shift
problem, domain shift remains a serious concern for DL algorithms. It has sparked numerous debates,
significantly slowed adoption of DL methods to LArTPC detector analysis, and driven the search for
alternative solutions.

Typically, the domain shift problem is solved using various domain adaptation (DA) algorithms [1, 7, 14,
15]. DA techniques are created to enable DL algorithms to perform effectively on novel domains distinct
from those where they are trained. However, LArTPC data analysis workflows make it difficult to apply
traditional DA techniques. The primary obstacle is that state-of-the-art DA methods [16—-18] are tightly
coupled to a specific downstream task affected by the domain shift problem. LArTPC data analysis chains
can employ dozens of different reconstruction algorithms possibly affected by the domain shift. This requires
developing and testing dozens more DA methods, i.e. one for each downstream algorithm. Moreover, new
LArTPC data analysis algorithms are constantly being developed, which requires designing even more new
DA methods. Thus, it is not feasible to directly apply the traditional DA approaches to LArTPC data analysis.

Here, we consider the viability of using Unpaired Image-to-Image (UI2I) translation methods to address
the domain shift problem on LArTPC data. UI2I translation methods are developed for finding translations
between different domains of images in a fully unsupervised way [19-23]. For instance, the top row of
figure 1 illustrates the operation of a UI2I translation algorithm for the cat-to-dog translation. In the training
phase, a UI2I translation algorithm receives random images from the two domains: cats and dogs. Notably,
the UI2I translation algorithm is not given what exactly the correct translation of a particular cat should look
like. Thus, the algorithm is called ‘unpaired.” Instead, the algorithm attempts to find some common ‘content’
between the two domains and learns to perform a cat-to-dog translation while preserving the ‘content” Once
the algorithm is trained, it can transform an arbitrary image of a cat into an image of a dog where the
original cat and generated dog are related on some fundamental level (share the same ‘content’).

The key question we try to answer is whether the UI2I translation methods are capable of learning the
proper ‘content’ and finding the ‘correct’ translation between two domains of LArTPC data: domain A
representing simulation and domain B denoting the real-world data. This question is nontrivial as there is an
infinite number of possible translations between the two domains mathematically, while only a small
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fraction of them is correct. The UI2I translation literature frequently overlooks the question of whether or
not the image content is preserved during the translation or relies on subjective measures of the content [24].
Applying the UI2I translation methods to scientific data requires much stronger guarantees of the
translation’s correctness. In this work, we investigate the ability of several UI2I translation models to learn
the LArTPC translations and compare their performance.

If the UI2I translation methods are capable of finding the correct translations between the data domains,
then the B— A translation can be used for DA purposes. For instance, if an algorithm ¢ is trained on the A
domain and applied to an image b from the B domain, the domain shift problem would manifest. However, if
image b is first translated toward the domain A with the help of a UI2I translation algorithm, ¢ can be
applied on the translated image, mitigating domain shift effects.

On the other hand, the correct A — B translation can be used to enhance the realism of the simulated
data. Performing such a translation on a simulated A dataset will produce a more realistic B dataset, which
has several potential applications:

e It can be used to increase the fidelity of the simulation for the subsequent data analysis.

e LArTPC analysis algorithms can be developed on the translated B’ data instead of the original simulated A
data. This has the potential to make the algorithms less affected by the domain shift effects.

e The B’ dataset is produced from A by a UI2I translation algorithm. Therefore, for each b’ in B', we know
its source image a in A. Comparing b’ to its source a will allow for directly observing systematic differences
between the simulation and real-world data on a sample-by-sample basis. Without such an A — B corres-
pondence, scientists can only observe systematic differences by comparing averages over the entire dataset.

o Likewise, an A — B pairing can be used to estimate the sensitivity of various downstream algorithms ¢ to
the systematic differences between the simulation and real-world data by computing ¢(a) — ¢(b").

Unfortunately, it is difficult to evaluate UI2I translation methods on real data. For this to be possible, for
each real detector data image, a matching simulation image should be generated with the same physics.
Afterwards, the simulated image would be translated to see if the outcome matches the matching real image.
However, extracting the physics ground truth, such as particle momentum, from real-world LArTPC data
requires meticulous and time-consuming analysis from a large scientific collaboration. Thus, we consider a
surrogate problem, where both A and B domains are populated by the simulated data with controllable
differences between the domains. Using the simulation will allow for making accurate judgments about the
translation quality.

For this study, we created the Simple Liquid-Argon Track Samples (SLATS) dataset featuring two
domains: A and B. The A domain is populated by a LArTPC detector simulation with a simplified version of
the detector response to the particle activity within it. The B domain is populated by a LArTPC detector
simulation with a more realistic version of the detector response. Incorrect simulation of the detector
response is a known source of systematic errors in the LArTPC detector analysis. Thus, the SLATS dataset
illustrates a common source of the domain shift problem encountered in LArTPC detector research. To
facilitate the accurate evaluation of the translation’s accuracy, the test portion of the SLATS dataset has an
explicit pairing between the A and B domains. That is, for each test image in the A domain, we know exactly
how its translation should appear in the B domain and vice versa.

We evaluate the correctness of the resulting UI2I translations via three methods. First, we use the explicit
pairing of the test part of the SLATS dataset to perform pixel-wise comparisons of the translated images to
their ground truth. Second, we rely on a downstream production-grade signal processing algorithm to
extract the physical content of the images. This algorithm is especially sensitive to the domain shift problem.
Finally, we study whether the UI2I methods can improve the performance of a supervised DL algorithm
affected by the domain shift on the SLATS dataset.

The remainder of this paper is organized as follows. In section 2, we briefly describe how a LArTPC
detector works and the construction of the SLATS dataset. In section 3, we review a selection of UI2I
translation algorithms suitable for LArTPC data. In section 4, we evaluate the quality of translated images.
Finally, in the discussion section, we summarize our findings and suggest future directions of research.

Main Contributions

o We show the feasibility of using UI2I translation techniques to perform domain translation on LArTPC
data. The four UI2I translation algorithms studied in this work manage to correctly capture the ‘content’ of
the data and preserve it during the domain translation.
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e We demonstrate that UI2I translation techniques can be used to reliably mitigate the domain shift effects on
LArTPC data and can provide up to 80% reduction in domain shift error of a downstream signal processing
algorithm.

o Likewise, we show that UI2I translation methods can be used to improve the realism of the LArTPC simu-
lation, suggesting the viability of using UI2I translation methods as a post-processing step to obtain a more
realistic simulation.

o We release a SLATS dataset demonstrating the common source of the LArTPC detector domain shift in a
controllable manner. The dataset also displays unique features of scientific datasets not commonly shared by
natural images, such as signal sparsity, lack of upper/lower limits on pixel values, and exact knowledge of the
correct translations. This dataset is expected to help with the future development of additional scientifically
sound domain translation algorithms.

e Finally, we compare the translation performance of four UI2I translation methods (CycleGAN [20], ACL-
GAN [22], U-GAT-IT [23], UVCGAN ([21]) on the SLATS dataset. Our results demonstrate that the
UVCGAN algorithm significantly outperforms other methods across a wide range of metrics, and intro-
duces the least amount of artifacts into the translated data. These results suggest that UVCGAN may serve
as an effective basis for further development of UI2I translation methods in scientific data processing.

2. The two-domain SLATS dataset

Released with this study, the SLATS dataset has two domains, each populated by a variant of a LArTPC
detector simulation used in the ProtoDUNE-SP experiment [25, 26]. The two domains differ in precisely one
feature—the response function. This section discusses how the SLATS dataset is generated and preprocessed.

2.1. LArTPC overview

LArTPC detectors enclose a volume of liquid argon (figure 2). Energetic charged particles, like those
produced from the interaction between a neutrino and an argon nucleus, pass through the volume. As they
move, these particles ionize electrons from nearby argon atoms. An external electric field causes these
electrons to drift through the liquid argon toward the detector’s readout side. The readout of the detector
comprises three parallel planes (U, V, and Y) of parallel sense wires, oriented in complementary directions.
Each wire plane generates a readout, called an ADC waveform, that can be interpreted as one tomographic
view of the particle’s tracks. A tomographic view is a two-dimensional (2D) image with one dimension in
space and the other in time. When the three tomographic views are combined, the three-dimensional (3D)
tracks of the energized charged particles can be reconstructed.

In this work, the images used to construct the SLATS dataset are the readout from one wire plane (the U
plane). The pixel value of the images is the digitized measure (or ADC value) of the current induced by the
ionized electrons. The measure is the result of a convolution between the electron distribution and a detector
response [27]. The real detector response is a complex function of the electrostatic fields of all electrodes in
the detector’s readout. However, in simulation and signal processing, this response is approximated by a
simplified model. We call such an approximation a response function.

2.2. Two simulated domains

The two SLATS dataset domains, A and B, are generated by applying two different response functions. More
precisely, for a set of simulated simple particle tracks, a low-fidelity quasi-one dimensional (1D) response
function is applied to produce a domain A waveform and a high-fidelity 2D response function to produce a
domain B waveform. The 2D model is state of the art in the LArTPC community. The quasi-1D model is an
artificially simplified model obtained by masking all contributions from neighboring wires in the 2D
response (figure 3). Additional information on response functions and track generation can be found in
appendix A.1.

The SLATS dataset’s design was motivated by three considerations. First, in the absence of real detector
data, the contrast between the 2D model and the quasi-1D model is a reasonable proxy for the systematic
difference between the real detector response and a simulated one. Second, using identical simulation
conditions except for response functions allows for generating paired test images. With the paired test images,
we can evaluate a UI2] translation algorithm by directly comparing a translated image with its known target.
Lastly, the restricted source of difference in the two domains facilitates understanding of the capability
(and/or potential limitations) of unpaired neural translation. The experience gained via such a constructed
scenario affords a proper foundation for applying UI2I translation between domains with complex sources
of difference.



10P Publishing

Mach. Learn.: Sci. Technol. 5 (2024) 045021 Y Huang et al

Sense Wires
Uu vy V wire plane waveforms

Liquid Argon TPC

Cathode
Plane

\\\\\\\\\\\\\\\\\\\\

AUV W W S Y W Y Y W W W Y Y ¥

—
t

Y wire plane waveforms
Figure 2. Signal formation in a three-wire plane LArTPC, an illustration from [11]. LArTPC detectors enclose a volume of liquid
argon. Energetic charged particles ionize electrons from nearby argon atoms as they pass through the volume. An external electric
field causes the electrons to drift toward the detector’s readout. The readout consists of three parallel planes of sense wires. Each
wire plane generates one tomographic view of the tracks. The 3D particle tracks can then be reconstructed by combining the three
tomographic views.
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Figure 3. Response functions and ADC waveforms. The ionization electron distribution (Panel A is convolved with two types of
response functions to produce the SLATS dataset’s two domains. The 2D response (Panel B top) is used to produce domain B
samples, while the quasi-1D response (Panel B bottom) is used to create domain A samples. The quasi-1D data are constructed by
masking the 2D response so all contributions from neighboring wires are removed. Panel C shows examples of the ADC
waveforms used as input to the translation algorithm.

2.3. Dataset preparation

This study focuses on one of the three sense wire planes, namely the U plane. Figure 4(A) depicts a full U
plane readout of dimension (channel, time) = (800,6000). Because a majority of existing neural translation
algorithms take an input size of (256, 256), we use a center (768, 5888) crop (red box) in the U plane image,
and then divide it into 3 x 23 non-overlapping tiles of size (256, 256).

Figures 4(B1) and (B2) show a pair of tiles from domains A and B. Two major differences appear between
them. First, the domain B track exhibits long-range induction effects in both the time and space (channel)
dimensions, while the A track shows variation only in time. This leads to domain B tracks being less compact
than domain A. In particular, larger lobe structures can be observed at the end of domain B tracks, while
domain A tracks end more abruptly. This can also lead to features in a domain B tile missing from the
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Figure 4. Preprocessing for the SLATS dataset. Panel A features an example of a full ADC waveform of the U plane from domain B
(generated with a 2D response). The full image has dimension (channel, time) = (800, 6000). The portion bounded by the red
box is the center crop of dimension (768, 5888). The center crop is divided into 3 x 23 tiles of size (256, 256) and shown as the
gray grid. Panels Bl and B2 show a pair of tiles in the test dataset from the domain A (generated with a quasi-1D response) and
the domain B (generated with a 2D response), respectively. The tile in B2 corresponds to the highlighted tile in Panel A. The
distribution of the number of nonzero pixels in the tiles is shown in Panel C. Tiles with less than 200 nonzero pixels are discarded
from the SLATS dataset.

corresponding domain A tile, such as the small red lobe between the two tracks. Second, domain B has a
larger neighborhood where the electron distribution can lead to interference patterns as evidenced by the red
lobe above the bottom track.

Because of the sparseness of events in the generation of SLATS, a majority of (256, 256) tiles are fully or
nearly empty. According to the distribution of the number of nonzero pixels in the tiles (figure 4(C)), we
choose a threshold of 200 pixels (around the first local minimum for domain A) and reject tiles below the
threshold. To keep the tiles paired for testing, we retain a pair in the test dataset if only both the A and B tiles
pass the threshold. More details about the preprocessing of LArTPC simulation data for neural translator
training can be found in appendix A.2.

The SLATS dataset can be downloaded from https://zenodo.org/record/7809108. The dataset contains
both center crops and tiles. The dataset’s test part is paired for pairwise translation quality evaluation.

3. Deep generative models for unpaired image translation

As previously outlined, our goal is to apply modern UI2I translation methods to mitigate the domain shift
problem. This section addresses the challenges in designing UI2I translation algorithms and describes a
family of UI2I translation methods suitable for this task. The algorithms discussed herein are based on a
Generative Adversarial Network (GAN) architecture (section 3.1) and rely on a cycle-consistency constraint
(section 3.2) to ensure preservation of the important features during the translation.

3.1. GAN for UI2I

The first successful models for UI21 translation were built on top of the GAN architecture [28]. GAN models
are able to learn the particular data distribution and synthesize new samples indistinguishable from the real
data. Their main component is a generator network G that produces realistic-looking data from random
noise. To train the generator network G, GANs employ another neural network known as a discriminator D.
In each GAN training iteration, the discriminator D network learns to differentiate samples produced by the
generator from the real-world data. Then, using the discriminator as a guide, the generator G network is
trained to produce samples that are indistinguishable from the real-world data. In other words, the generator
and discriminator engage in a game, throughout which the generator progressively improves the quality of
the generated data.

3.2. Cycle-consistent GAN
As noted, GANs can be used to learn data distributions and produce realistic-looking samples from random
noise. This means, in principle, a GAN can be trained to generate real detector data from simulated data.
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Figure 5. Summary of the CycleGAN [20] model. CycleGAN consists of two pairs of GANs, (Ga—sg, Dp) and (Gp—a,Da). The
discriminators, D, and Dp, distinguish translations from real images, while the generators (or translators), Ga—p and Gg—s 4,
produce realistic translations that are consistent with the source images.

However, when a GAN generates a real detector data sample from a simulated one, it is not guaranteed to
preserve any information from the input. The GAN can completely discard the simulated sample and
produce a random and unrelated output that looks like real detector data. This creates a challenge for our
LArTPC detector example as we need to generate not only realistic-looking real data samples, but also ensure
the generated samples preserve information from the simulated ones. The same discussion also applies to the
translation in the opposite direction.

One approach to address this is provided by CycleGAN [20], which employs two GANs that work in the
opposite directions as illustrated in figure 5. By using a pair of GANSs, a CycleGAN-like model creates
translation loops, so information loss during translation can be properly measured.

Specifically, we denote the two domains by A and B and the corresponding GANSs as (G4, 5, Dg) and
(GB—a,Da), respectively. Consider a source image a € A. A CycleGAN-like model can translate this sample
to look like those from domain B by using its generator G4, 5. To ensure the generator G4, preserves
information about the source image a, CycleGAN imposes a cycle-consistency constraint, requiring that a
cyclically translated image a®° = Gg_, 4(Ga—p(a)) matches the original image a. In practice, this constraint is
enforced by the cycle-consistency loss ||a — a®*|| that encourages the generators G4_,5 and Ggp_, 4 to preserve
the information. A similar loss function is applied for the cyclic translation starting from b € B.

In addition to the cycle-consistency loss, identity loss may be used to encourage the generator to retain
features from the source that are also present in the target domain. For an image a € A, the identity loss is

defined as Ha — at||, where a't = Gy . 4(a). A parallel formulation applies to domain B.

3.3. CycleGAN-like UI2I translation models

Here, we introduce three CycleGAN-like UI2I translation algorithms, ACL-GAN [22], U-GAT-IT [23], and
UVCGAN [21], with special emphasis on the UVCGAN, or U-Net Vision-transformer (ViT)
Cycle-consistent GAN, because of its outstanding performance on the SLATS dataset (see section 4).

The motivation behind ACL-GAN is that the stringent pixel-wise cycle-consistency loss may be a hurdle
for generators to produce drastic changes such as large shape changes or removing/adding large objects. To
solve the problem, ACL-GAN replaces strong cycle-consistency loss with a weaker adversarial consistency
that does not require the cyclically translated image to match the source exactly, merely to match the
distribution of the source images.

The authors of U-GAT-IT attack the problem of effective translation from another angle, keeping the
cycle/identity-consistency loss functions in their original form as those in CycleGAN but renovating the
generator and discriminator network structure. They use the class attention map to guide the generators and
discriminators to focus on regions distinguishing between source and target domains. U-GAT-IT has
achieved outstanding performance in translation between selfie photos and anime characters, which is a
tough image translation task. One downside of U-GAT-IT is its model is bulky and slow, which may limit its
application to LArTPC research should throughput and computing resources become pressing
considerations.

Based on this work, the UVCGAN model performs the best for translations between the two SLATS
dataset domains. UVCGAN improves CycleGAN by renovating its generator network and the training
procedure. The UVCGAN generator is a hybrid architecture of a U-Net backbone [29] with a ViT
bottleneck [30]. U-Net is known for its outstanding accuracy in modeling local or short-range patterns and
its application in the segmentation of medical images. However, it may be less effective at capturing
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long-range dependencies. Conversely, based on its impressive performance in image classification [31], ViT
excels in capturing long-range dependencies and semantic relationships within an image. Nevertheless,
relying solely on ViT may be insufficient for addressing the complexity of an image translation task, a
regression problem in nature, as it may struggle to model details. Hence, the hybrid generator architecture of
UVCGAN amalgamates the strengths of convolution-based networks and ViT, striking a balance between
local and long-range pattern recognition.

3.4. Alternative models for unpaired image translation

Numerous models have been developed for UI2I translation, primarily on non-scientific image datasets. The
models can be categorized based on two perspectives: the DL paradigm the algorithm is based upon and the
way that consistency is enforced. For example, based on the paradigm, CycleGAN [20], ACL-GAN [22],
U-GAT-IT [23], Council-GAN [32], and UVCGAN [21] are GAN-based methods. CUT [33] adopts the
contrastive learning paradigm. LETIT [34] utilizes the energy transport on the latent feature space, while
EGSDE [24] and ILVR [35] are diffusion-based models. In terms of consistency enforcement, CycleGAN,
ACL-GAN, U-GAT-IT, UVCGAN, and CUT impose explicit consistency constraints via loss functions, while
the other methods do so implicitly.

Another key feature of UI2I translation algorithms is the use of artificial randomness in the image
generation process. Among the aforementioned models, CycleGAN, U-GAT-IT, UVCGAN, and CUT are
deterministic, while Council-GAN, EGSDE, and ILVR inject randomness into image generation. Although
randomness helps boost diversity in natural image translation tasks as there tends to be no single correct
translation corresponding to an input, its application to SLATS is unnecessary. Specifically, for this study of
the idealized SLATS dataset, the map between the two domains is one-to-one in nature, which makes a
deterministic model the more appropriate choice.

Given the limitation on time and computing resources, we focus on four models that enforce cycle
consistency explicitly because models without explicit cycle consistency place virtually no constraints on the
output and may generate images unrelated to the input.

4, Evaluation

As part of this work, the performance of the neural translation algorithms CycleGAN, ACL-GAN, U-GAT-IT,
and UVCGAN is evaluated on the paired test set of SLATS.

First, we perform a direct pixel-wise comparison of the translated detector readouts (ADC waveform
images) with their targets. This comparison will indicate the quality of translation on the raw detector
readout level. Second, a signal processing algorithm (see appendix D, and [36]) is applied to estimate
physically meaningful counts of ionized electrons (see section 2) from the raw detector readouts. The signal
processing algorithm is designed to perform accurately on domain A, and it exhibits domain-shift-related
performance degradation when applied to the data from domain B. Using the signal processing algorithm
allows for estimating the degree to which the UI2I translation algorithms alleviate the domain-shift effects on
physically meaningful quantities.

Of note, making CycleGAN, ACL-GAN, U-GAT-IT, and UVCGAN work on the SLATS dataset required
several modifications. To explore their potential, we conducted a small-scale hyperparameter (HP) tuning on
each of the algorithms. For simplicity, all results in this section are produced by the best-performing HP
settings of each algorithm. The details regarding model modification, HP tuning, and training are available
in appendix B for UVCGAN and in appendix C for the other three CycleGAN-like models.

4.1. Translation quality evaluated on ADC waveforms
To quantitatively estimate the quality of the ADC waveform translations, we calculate ¢; (mean absolute
error) and ¢, (mean squared error) between the translated and ground truth images. Table 1 summarizes the
best-performing results, while the complete results for all HP settings can be found in appendix table E1.
Two samples from the A — B translation in figure 6 and another two from the B — A translation in
figure 7 are presented for a qualitative comparison, which shows all algorithms manage to reproduce the key
features of the target domain in the translations to some extent. The features include more extended tracks
and ‘lobe’ structures at the track tips in the A — B translation and compactified tracks and more abrupt
track tips in the B — A translation (see section 2.3). However, there are several noticeable defects in the
translations, such as rugged track edges, large errors in the track center, missing ‘lobes’ near track tips in
A — B translation, and incompletely reduced track edges in B — A translation. That said, all of the
translation algorithms perform reasonably well in maintaining a strong consistency with the input images.
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Table 1. Translation performance comparison with ¢; and ¢, differences on the ADC waveform. The differences are produced with the
best performer of each algorithm. Full results with all HP settings can be found in appendix table E1. The best results are highlighted in
bold.

AtoB Bto A
Algorithm VA 0> A 0>
CycleGAN 0.074 0.180 0.061 0.159
ACL-GAN 0.083 0.566 0.039 0.121
U-GAT-IT 0.078 1.187 0.073 1.161
UVCGAN 0.030 0.033 0.025 0.027
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Figure 6. Examples for the A — B translation. Defects appearing in the translations are marked as: ¥ for rugged track edge, A for
big error in the core of the track where the signal is strongest, and 4 for missing the ‘lobe’ structure near the track tip.

4.2. Translation quality evaluated on signal processing results

The raw LArTPC detector readouts are represented as ADC waveforms. These waveforms are difficult to
interpret and have no direct relation to the physical properties of the particles that created them. Therefore,
instead of building detector reconstruction pipelines directly on such waveforms, a signal processing
algorithm is run first. The signal processing algorithm is designed to infer the original, physically meaningful
distribution of ionized electrons that induced a particular waveform (see section 2). The recovered
distributions of ionized electrons serve as a basis for the downstream reconstruction algorithms.

The signal processing algorithm involves two main stages: deconvolution of an ADC readout and
high-pass filtering. The deconvolution operation is designed to act as an inverse of the simulated detector
response function. Therefore, it is affected by the domain shift, as the simulated detector response may differ
from the real detector response. Since signal processing is the first stage of the detector reconstruction
pipelines, its domain shift error is then propagated to downstream algorithms.

The second stage of the signal processing algorithm is high-pass filtering. It is required as the bipolar
nature of the deconvolution operator tends to amplify low-frequency noise. An adaptive high-pass filter,
referred to as the signal region-of-interest selection, is subsequently applied to mitigate the impact of this
amplification. Further details of this algorithm can be found in appendix D.

In this study, where domain B is used as a proxy to real detector data, we naturally use the quasi-1D
response function to design the signal process procedure and denote the signal processing as ¢4. Because
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Figure 7. Examples for the B — A translation. Defects appearing in the translations are marked as: ¥ for rugged track edge, A for
big error in the core of the track where the signal is strongest, and 4 for incompletely reduced track edges.

domain A has a matching simulation and signal processing, the electron counts ¢4 (a) reconstructed from
a €< disp ID displ > B will be less accurate than its counterpart ¢4 (a). The difference between ¢4 (a) and
@4 (b) is an indicator of the severity of the domain shift problem. Consequently, the reduction in the
difference resulting from the translation can be viewed as the extent to which the domain shift problem is
mitigated.

To carry out a quantitative study, we randomly sample 1000 pairs of test SLATS tiles. We calculate
the baseline ¢, error ||¢a(a) — ¢a(b)||, and translation ¢, error ||¢a (Ga—p(a)) — ¢a(b)||, and
la (Go—a(b)) — da(a)||,, where G4_,5 and Gp_ 4 are neural translators. Figures 8(B) and 9(B) reveal the
statistics.

It is worth noting that because ¢4 is designed based on the detector response function of domain A, only
the comparison between ||¢4 (Gp—a (b)) — ¢a(a)l|, and the baseline ||¢4(a) — ¢a(b)||, can be used to infer
the extent to which a translation can reduce the domain-shift effect. However, ||¢a (Ga—p(a)) — ¢a(b)||; also
is a valid indicator of the translation efficacy as it measures the translation’s sensitivity in capturing the
inaccuracy resulting from the domain shift.

These comparisons show that translations produced by all algorithms do improve upon the baseline with
UVCGAN being the best performer in both translation directions. Notably, UVCGAN achieves a greater than
80% reduction in ¢, error over the baseline on average for the B — A translation. Comparing the result in
Table 1 shows that the translation quality measured in electron counts correlates strongly with those featuring
ADC values. Additional evaluation of post-signal processing performance is provided in appendix E.

For qualitative comparison, the signal-processed results for one sample SLATS tile are shown in
figure 8(A) for the A — B translation and figure 9(A) for the B — A translation. The translated images in
both figures are produced by the best performer, UVCGAN. Due to the mismatch in response functions, the
signal-processed result for a domain B sample may exhibit artifacts along the periphery of the tracks as
exemplified by the area marked with the blue box. We anticipate an effective A — B translation to replicate
the artifact, while a B — A translation should eliminate it. This expectation aligns with the translations
generated by UVCGAN, where the artifact is introduced in ¢4(Ga—p(a)) and is removed in ¢4 (Gp—(D)).

Considering the neural translation algorithm is trained in a purely data-driven fashion, i.e. solely based
on the ADC waveform images without any input or constraints from physics or downstream applications,
these are promising results.
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Figure 8. Signal processing study for A — B translation. Panel A features a diagram of the signal processing study. A tile a from
domain A is translated by the UVCGAN generator Ga— 5 to Ga— p(a), which resembles a’s counterpart b from domain B. To
reconstruct the electron count, signal processing ¢4 is applied to a, Ga—g(a), and b. We zoom in on an area where ¢, (b) exhibits
an artifact. Because the artifact is absent from ¢, (a), we know it is a result of the mismatch between the response function and
the signal processing procedure. A similar artifact can be observed in the signal processed translation G (a), which attests to
the effectiveness of the translation. Panel B compares the ¢; errors on electron count. Comparing the result with table 1 illustrates
the translation quality in ADC values correlates strongly with post-signal processing performance.
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Figure 9. Signal processing study for B — A translation. Panel A depicts a diagram of the signal processing study. A tile b from
domain B is translated by the UVCGAN generator Gg—; 4 to an image Gg— (b), which resembles b’s counterpart a from domain
A. Signal processing ¢4 is applied to b, Gg— 4 (b) and g, so the electron count can be reconstructed. As in figure 8(A), we zoom in
on the same area where ¢ (b) exhibits an artifact. This shows the artifact disappears in the signal processed translation Gg— 4 (b),
which attests to the effectiveness of the translation. Panel B compares the ¢; errors on electron count. Comparing the result with
table 1 demonstrates the translation quality in ADC values correlates strongly with post-signal processing performance.

4.3. Domain shift mitigation for a supervised learning algorithm

In this section, we investigate the effectiveness of UI2I translation techniques in mitigating the domain shift
problem in a supervised learning context. Specifically, we design a supervised DL regression model to predict
the number of ionized electrons from an ADC waveform. This model exhibits decreased performance when
trained on domain A and applied to domain B. Then, we test whether the UI2I translations can alleviate this
degradation of the model performance.

The experiment proceeds as follows: we train predictive models—E,, Ep, and Eg—to estimate the total
count of ionized electrons e in a waveform. Here, G is a neural translator that translates ADC waveform
images from domain A to domain B, such as CycleGAN, ACL-GAN, U-GAT-IT, and UVCGAN. The models
E4, Ep, and Eg are trained using waveforms a € A, waveforms b € B, and translated waveforms G4, (a) for
a € A, respectively.

After training, we evaluate all the models on waveforms from domain B. Due to the domain shift, we
expect that E4 will perform worse on B than Eg. However, since Eg is trained on translated waveforms that
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Table 2. Models trained on translated images mitigate the domain shift problem, as measured by MARE (lower is better). Ey4, trained on
domain A and applied to domain B, represents the worst-case scenario for domain shift. Eg, trained and tested on domain B, serves as
the performance benchmark. The Eg models, trained on waveforms translated by a neural translator G and tested on domain B,
demonstrate varying degrees of effectiveness in mitigating domain shift through UI2I translation methods.

E4 Ep Ecydecan Eacr-an Eu-garar Euvcean

B 0.390 0.211 0.222 0.223 0.257 0.216

closely resemble those in domain B, we expect that it will outperform E4 when tested on B. We use an
AlexNet-like [37] architecture for the regression model. Further details on the model are provided in
appendix F.

Table 2 summarizes the results of the evaluation of the regression models on domain B. The performance
is evaluated with mean absolute relative error (MARE), calculated as n='>""_, |(¢; — ;) /e; |, where ¢;
represents the predicted total electron count and 7 is the number of test examples.

As expected, E, exhibits the worst performance due to the domain shift. Eg performs the best, as it was
trained and tested on data from the same domain. The four Eg models, trained on translated waveforms,
show varying degrees of effectiveness in mitigating the domain shift problem. Notably, Eyvcgan outperforms
others, achieving comparable MARE to Eg. This aligns with our earlier findings from the pixel-wise
difference analysis in section 4.1.

4.3.1. Discussion and future research direction

Findings from this work highlight the potential of UI2I translation algorithms in addressing the challenges of
domain shift in LArTPC data. However, several issues require attention before these algorithms can be
effectively used to translate between simulated and real detector data.

4.3.1.1. Scaling UI2I algorithms to work on large images.

Existing UI2I translation algorithms have been developed and tested on images of size (256, 256). Thus, the
same-sized tiles are used in this study. However, full LArTPC images of size (800, 6000) are needed for
downstream analyses. In applying the model to tiles and assembling them to form the full translated image,
mismatches did occur along the tile boundaries. Therefore, as part of our future work, we need to develop
network models and computational pipelines capable of handling full images.

4.3.1.2. Performing and Evaluating non-deterministic translations.

Another crucial aspect is the one-to-one nature of the translation. In this work, we addressed a problem
where the translation between the two domains is fully deterministic and one-to-one. However, in real
detectors, multiple stochastic processes are present. These stochastic processes will render the domain map
non-deterministic, resulting in either one-to-many or even many-to-many relationships. The
non-determinism of the translation presents two challenges: (1) how to adapt UI2I translation methods to
handle non-deterministic mappings, and (2) how to evaluate the quality of non-deterministic translations.

There are multiple ways to make a UI2I translation non-deterministic. ACL-GAN [22] presents one such
approach, replacing a strong cycle-consistency constraint with a weaker adversarial consistency. The DRIT
family of models [38] demonstrates another method, separating the content (core part of the image that
should be preserved) and the attributes (part of the image that changes during the translation). This
separation allows for substituting multiple attributes for a single translation, resulting in a variety of output
images. BiCycleGAN [39] shows another interesting way to construct a one-to-many mapping (A — B) by
adding an extra latent dimension L to the A domain. Then, it constructs a one-to-one map (A x L — B). This
method allows us to obtain a one-to-many translation (A — B) by varying points in the latent dimension L.
The approaches presented by ACL-GAN, DRIT, and BiCycleGAN demonstrate that developing one-to-many
and many-to-many translations is possible, indicating a promising direction for future research.

The shift to non-deterministic translations raises a question of how to evaluate the quality of the
translation in a non-deterministic case. In this work, we were able to construct a paired ground truth
evaluation dataset due to the one-to-one nature of the problem. This exact pairing allowed us to estimate the
translation quality directly by comparing translated images to their ground truths. However, in the case of
one-to-many translation, constructing such a paired evaluation dataset becomes impossible. Therefore, more
sophisticated metrics are required to judge the quality of these non-deterministic translations.

We believe a robust evaluation protocol should focus on two aspects of the translation: (1) realism, a
neural translator’s ability to replicate the distinctive features of the target domain during translation, and (2)
consistency, its capacity to translate without altering the underlying physical properties. In non-scientific
UI2I translation tasks, established metrics such as Fréchet inception distance [40] and Kernel inception
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distance [41] are commonly used to assess realism. However, these metrics are based on the InceptionV3
network [42] pretrained on the ImageNet dataset [43], raising doubts about their applicability to scientific
datasets. On the other hand, translation consistency remains a relatively unexplored aspect of UI2I
translation research. The exact definition of consistency in UI2I translation is likely dataset- and
application-dependent. As far as we know, no established metrics or protocols exist for verifying such
consistency, making this a critical area for future research in UI2I translation for scientific applications.

4.3.1.3. (Re)evaluation of systematic uncertainties in the presence of UI2I translation.

High-energy physics (HEP) experiments developed complex methods to estimate various systematic
uncertainties affecting the final results (e.g. [44]). Incorporating UI2I translation into the standard
simulation chain may present unique challenges specific to HEP experiments. These challenges are twofold:
(1) estimating the systematic uncertainty (if any) stemming from the UI2I translation, and (2)
understanding how the UI2I translation affects the already established systematic uncertainties.

While UI2I translation algorithms aim to bring the simulated (A) and experimental (B) domains closer,
they may introduce artifacts into the translation process. These artifacts could be the source of additional
systematic uncertainty, which may need to be quantified. One possible approach to establishing the
magnitude of such uncertainty is to train an ensemble of UI2I models and analyze the amount of variance
introduced in the experimental results by the ensemble. Alternatively, the UI2I translation could be treated as
a ‘detector calibration’ step, without assigning specific systematic uncertainties to it. In this case, the
uncertainties associated with UI2I would be incorporated into the uncertainties of other detector simulation
parameters.

While UI2I translation techniques show promise in reducing the magnitude of systematic uncertainties,
these reduced uncertainties still require careful evaluation. This evaluation process may involve a substantial
effort to understand how UI2I translation algorithms interact with established methods of estimating
systematic uncertainties in HEP experiments. Further research is necessary to determine the most effective
approaches for handling UI2I-related uncertainties in HEP experiments.

Conclusion

In this work, we studied the potential of the UI2I translation algorithms to address the domain shift problem
between simulation (domain A) and real data (domain B) in the LArTPC research. We constructed a
surrogate LArTPC problem consisting of two simulated domains with a systematic difference in the detector
response function. This surrogate problem illustrates the typical source of the systematic uncertainty
between the simulation and real data. The deterministic nature of the detector response function allowed us
to create a paired test dataset with the known ground truths for translations.

We tested four UI2I models (CycleGAN, ACL-GAN, U-GAT-IT, UVCGAN) on the surrogate LArTPC
problem. Our results show that the UI2I methods can successfully perform the translation of LArTPC events
as judged by pixel-wise metrics between the translation and the corresponding ground truth. Notably, UI2I
methods can identify and preserve the content of each event while translating its appearance. This indicates
the feasibility of the application of the UI2I methods to translate LArTPC data and improve the realism of
the LArTPC simulation.

Furthermore, we tested whether the obtained UI2I translations allow us to reduce the domain shift error
of detector reconstruction algorithms, which are developed on simulation but applied to real data. For this
purpose, we employed a production-grade signal processing algorithm designed on simulation (domain A).
This algorithm experiences domain shift error when applied directly on domain B. However, we found that
its domain error can be reduced by up to 80% if we perform a UI2I translation (B — A) before the
application of the signal processing algorithm. These results indicate that UI2I methods can be used for
domain shift reduction in LArTPC analysis.

Among the four tested UI2I models (CycleGAN, ACL-GAN, U-GAT-IT, UVCGAN), the UVCGAN model
achieves the best translation quality and introduces the fewest artifacts in the translated images. This finding
indicates that the UVCGAN model shows promise as a basis for more complex UI2I algorithms on scientific
data. To promote the reproducibility of our research, we publicly released the SLATS dataset (https://zenodo.
org/record/7809108) and the code used in this study (https://github.com/LS4GAN/uvcgan4slats).

While UI2I methods show promise in reducing the systematic differences between distinct domains of
LArTPC data and help to alleviate the domain shift error of the signal processing algorithm, there are several
issues that remain to be addressed before their application becomes fully feasible. First, the UI2I methods,
currently developed on images up to 256 pixels in size, need to be scaled to work with larger images of up to
10 000 pixels. Second, our work investigated a problem where the relationship between two domains is
one-to-one. The actual relationship between the LArTPC detector simulation and real data is many-to-many.
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The performance of UI2] methods needs to be studied under many-to-many relationships. Moreover, proper
translation quality metrics need to be developed for the many-to-many case. Finally, while UI2] methods
may reduce the systematic difference between simulated and real data, one still needs to estimate potential
systematic uncertainties introduced by these methods. Likewise, work needs to be done to ascertain how the
inclusion of the UI2I translation into the detector simulation pipeline may affect other systematic
uncertainties. Exploring these directions will be essential to fully leverage the potential of UI2I methods in
LArTPC research and broader scientific applications.
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