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1 Introduction1

As neutrino experiments attempt to probe the finer aspects of neutrino behavior, they also face2

greater challenges in how they treat their data and extract results. These challenges cover aspects3
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of both simulation and data treatment, as well as all stages of the analysis chain, including signal4

processing, detector modeling, reconstruction, and high-level analysis. While no two experiments5

are exactly the same, many of these challenges are similar across experiments and would benefit6

from shared effort. In recent years, many of these problems in neutrino physics have been found to7

be well-suited for machine learning (ML) based solutions, which often have broad applications and8

require only minor modifications to tune to each specific use case.9

In recognition of the growing interest in this field, the Neutrino Physics and Machine Learning10

(NPML) conference series was founded to provide a forum to share developments in ML techniques11

that are of interest to neutrino physicists. While this conference has grown alongside interest in12

the field, ML research across neutrino physics remains somewhat fragmented, with each experi-13

ment generally developing ad hoc solutions to their own problems and often repeating effort in14

foundational work.15

This problem of coordinating research into new methods is not isolated to the field of neutrino16

physics. The benefits of open data, made freely and easily available to anyone who wishes to use17

them, are now widely acknowledged [1, 2, 3]. Some of these benefits comes from improving re-18

producibility of results, which is clearly desirable for a field of research. In addition, by generally19

improving community access, we can better establish community standards and best practices, as20

well as facilitate the creation of centralized knowledge bases [4, 5]. Newer students and researchers21

benefit from having accessible data with which to run methodological tutorials. Researchers de-22

veloping new methods in the field benefit from having a common dataset to benchmark their23

techniques on for comparison against previous work, as well as standard references for what others24

have already attempted and the results they achieved. People outside the field benefit from having25

data representing a real problem of interest for them to explore and test their own work on. This26

simultaneous utility for training, research, and outreach is most pronounced when open datasets27

are associated with some open data challenge, where anyone is free to try to solve some specific28

problem associated with that open data.29

There is already an established record of successful open data challenges in particle physics and30

astrophysics being run over the last decade. Many of these have centered on LHC-based experiments31

[6], which have particular computational challenges that are well-suited for this kind of approach,32

often featuring high-statistics, well-labeled, high-dimensional simulated data. These have included33

challenges for identification of Higgs events over some background [7], reconstruction of tracks34

from point-like hits [8, 9], anomaly detection [10], and fast calorimeter simulation [11]. The FAIR35

Universe initiative [12] has attempted to create a centralized platform for hosting scientific data and36

associated data challenges, including challenges on uncertainty-aware inference for Higgs physics37

[13, 14] and uncertainty-aware extraction of weak gravitational lensing maps from cosmological38

data [15].39

Within neutrino physics, experiments like MicroBooNE, MINERvA, and T2K have released40

their data for general public use over the years, but without any particular challenge associated with41

them [16, 17]. Several neutrinoless double beta decay experiments, including CUORE, KamLAND-42

ZEN, MAJORANA, nEXO, NEXT, Project 8, and SuperNEMO, have recently released sets of open43

data for the purpose of facilitating tutorials, workshops, and other tests [18, 19, 20, 21, 22]. Recent44

years have also seen successful examples of explicit open data challenges in neutrino physics. The45

IceCube collaboration hosted a challenge focused on reconstruction of the direction of neutrino46

events, featuring cash prizes and attracting several hundred entries [23]. Tsinghua University47

has hosted a series of student-focused competitions around problems of interest to the JUNO48

experiment, which have run annually since 2019 [24].49

The 4th NPML conference [25] hosted a satellite workshop to discuss the prospects for creat-50

ing more open datasets and hosting a continuing series of open data challenges to build on this51
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momentum and address the gaps in neutrino ML research. Around 20 people participated in this52

workshop, including graduate students, postdoctoral researchers, faculty, and staff scientists. They53

represented a variety of backgrounds in neutrino physics, including (but not limited to) accelerator-54

based experiments, reactor-based experiments, astrophysical observatories, direct neutrino mass55

measurement experiments, and neutrinoless double beta decay searches. This coverage allowed for56

particular consideration of how to create open data challenges that solve problems that are not57

specific to just one experiment, as well as how to ensure they benefit people across a range of career58

stages. The workshop included discussion of how these challenges should be structured in order to59

provide maximal community benefit, what resources they would need, and how proposals for them60

should be evaluated to determine whether they are worth dedicating shared resources to. Lastly,61

all attendees were invited to draft concrete proposals for open data challenges across a range of62

research areas, which were then subjected to evaluation under these criteria during the workshop.63

This white paper provides a summary of the outcomes of this NPML satellite workshop, which64

we hope will provide a foundation for open data challenges in neutrino physics going forward.65

Section 2 provides a summary of the format of the NPML workshop, and the rest of this white66

paper summarizes the points discussed and agreed upon during this workshop. Section 3 describes67

the resulting vision for future open data challenges and resources that are expected to be needed68

for them. Section 4 lays out the criteria developed from the workshop discussion that were used to69

evaluate data challenge proposals from participants, following this vision. Applying these criteria,70

section 5 summarizes the proposals we judged to be viable in the near-term with minimal additional71

preparation, section 6 summarizes the ones that seemed viable in the mid-term with a moderate72

amount of further preparation, and section 7 summarizes the ones that require significant additional73

preparation.74

2 NPML Workshop Format75

The NPML open data challenge workshop was organized as an “unconference”, where the agenda76

is driven by alternating small-group and large-group discussions instead of pre-organized talks77

and presentations. In this format, all participants are asked to contribute to discussions, with no78

passive listeners. We started each session by introducing the topic we wanted to address and briefly79

discussing among the entire group what questions we want to cover within that session. Everyone80

was then randomly assigned to a group (different for each session, so that people do not end up81

forming teams), with each group consisting of 3–5 people. Each group discussed the topic among82

themselves for 45 minutes, guided by “quad charts” that outlined the questions we wanted answered.83

These quad charts served as single-slide summaries of the outcome of each group’s discussion, which84

were then presented to the entire workshop for discussion among the larger group. An example of85

one of these quad charts is shown in figure 1. Groups were asked to keep the presentation of their86

summaries to within a couple minutes, but we did not impose time limits on large-group discussion,87

so that each topic could be fully explored.88

Discussion sessions were broadly divided into five topics. The first was on big-picture goals and89

design best-practices for open data challenges, with the questions presented to participants being:90

1. What are the interesting research challenges for AI/ML methods development?91

2. What kinds of datasets do we need? How can we obtain and maintain them?92

3. How shall we work across themes (e.g. science, detector types, AI methods)?93

4. How can we lower barriers to entry and incentivize participation?94
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What Datasets? How to obtain/maintain?Scientific Challenges

Scopes (science/detectors/AI methods) Increase Participation

- Finding complementarity between research subfields
- But maybe also good to not force it, and 

recognize that sometimes factorization is 
sensible

- Is it possible to find a level of abstraction for comparing 
multiple detector types? Or is that just FMs?

- Providing sensible metrics/labels so the models are 
trying to learn interesting/useful/relevant information

- Made more difficult by application of same 
models to multiple detectors?

- How to break out of the neutrino bubble?
- Getting people to compare against the same data (avoid 

space race mentality), even within the same experiment
- Interpretability and robustness to baked in physics 

assumptions – uncertainty quantification

- Providing data in a friendly format: flat ROOT trees 
might be okay, but custom ROOT classes a no-no

- Documentation of standards – consistent choices 
between open datasets

- If a challenge is so large that you need to download and 
process millions of large events, it might be difficult 
both from a local storage and processing point of view

- Generic open-source datasets – how to ensure these 
are sophisticated enough?

- How to ensure similar across detector types?
- Experiments may also want to have “internal” 

datasets for internal benchmarking
- Finding shared resources everyone can access is 

challenging within a collaboration, also tough outside

Figure 1: Example of a quad chart that one group filled out in response to questions on the first
discussion topic, focused on big-picture goals of open data challenges and how to design them. Each
quadrant answers one of the four focus questions presented to participants.

The second, third, and fourth sessions were on challenges in neutrino physics associated with95

reconstruction, physics modeling, and high-level analysis respectively. For each one, groups would96

brainstorm specific prospective open data challenges within the theme of the session, answering97

questions on:98

1. What are the science goals and current challenges associated with this problem?99

2. What datasets would be needed to study it?100

3. What are tasks and metrics that would be presented to people interested in tackling this101

problem?102

4. How would we run this challenge (e.g. preparation, release, evaluation, duration, etc.)?103

Lastly, the fifth topic was on the structure and technical details of running open data challenges.104

Groups addressed the questions:105

1. How can we successfully engage different communities, such as experimentalists and AI/ML106

experts, with our challenges?107

2. Where can effort be shared in these challenges, such as with dataset preparation, needed108

infrastructure, and the actual solutions?109

3. How shall we prioritize the datasets and challenges?110

4. What do we need for NPML to successfully organize this?111

The results of the discussion of the first and final topics are summarized in sections 3 and112

4. These cover the envisioned nature and purpose of open data challenges, which are tied to the113
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resources needed for running them effectively and to the criteria by which they can be prioritized.114

The results of the other discussion sessions are summarized in sections 5, 6, and 7, covering the115

specific open data challenge proposals that were proposed.116

3 Expectations for Open Data Challenges117

3.1 Definition of Open Data Challenges118

We define an open data challenge as any setup that contains both:119

1. A set of open data, freely available to anyone who wishes to use it.120

2. Standardized performance metrics on that data, which define a problem of interest and pro-121

vide a means to compare different solutions. Such metrics should generally be accompanied122

by benchmark values to indicate what performance levels are currently achievable or are123

otherwise considered “good”.124

While datasets only satisfying condition (1) are certainly useful [1, 2], it is the addition of125

(2) that brings much of the direct benefit to the research community. Without a shared set of126

performance metrics, people who are not already familiar with the data in question are unlikely127

to engage with it. Having these metrics allows more people to understand the problem associated128

with the dataset and the quality of existing solutions, even without a background in the field.129

This brings in a greater variety of expertise and increases the probability of obtaining innovative130

solutions.131

In the context of neutrino physics, the open dataset can be either simulated data or actual132

observed data from an experiment, which both bring their own benefits. Real data clearly provides133

the most realistic test environment, but it can also introduce additional complications that distract134

from the primary question of interest. For instance, it can be more difficult to create clear perfor-135

mance metrics, which often require proper labels, compared to simulated data. In addition, many136

open problems in the field are associated with upcoming experiments, where real data is not yet137

available and we have no choice but to work with simulated data.138

Entrants to an open data challenge should be asked to publicly provide the code they used to139

create their solution, including data handling and processing, model architecture, model training,140

and the final weights for their trained model. Winning entries would also be invited to contribute141

papers with more detailed descriptions of their approaches. All of this material from the entries142

would be compiled in a publicly and easily accessible manner over the course of the open data143

challenge. This way, in addition to establishing the current state-of-the-art solutions for future144

researchers to build off of, this material can be used for teaching and training students or newer145

researchers. The creation of this corpus of knowledge and tools should be considered one of our146

primary goals in creating open data challenges related to neutrino physics. While we would not147

be able to enforce requiring public releases of solutions as part of any entry, we can enforce them148

as part of the requirement to claim a winning prize, and we believe offering at least a nominal149

prize is worthwhile to further incentivize serious participation in any case. In such cases where150

prizes are being offered, we expect many entrants will want to temporarily maintain some degree151

of competitive secrecy, but this is easily addressed by postponing public release of the details of152

their solutions to after the winners of the challenge have been determined.153

We note a few salient features of past open data challenges that should be considered when154

deciding on the details of future ones in neutrino physics. Many past challenges were hosted on155

well-known platforms like Kaggle and Codalab, both to make use of existing infrastructure and156

6



to attract broader participation. Some of them featured monetary prizes, with the ones involving157

monetary prizes generally attracting much greater interest. Some of them were not designed as158

formal competitions, so that while there were still metrics for evaluating performance, there was159

not necessarily a clearly defined winner. The vast majority of them made use of only simulated160

data, which allowed for easier definitions of target metrics for evaluating solutions. In all cases,161

details of the leading solutions were published, allowing researchers to understand and continue162

building off of them in the future.163

3.2 Required Resources164

Besides the resources needed for actually generating the data that would be part of an open data165

release, open data challenges will need:166

1. Servers to store the open data and allow anyone to download it for themselves.167

2. Infrastructure for receiving submissions. Platforms like Kaggle and Codalab already exist168

for this, so in many cases this would mostly entail arranging the challenge into a format169

compatible with them.170

3. Documentation on the data and the nature of the challenge. Wherever this is hosted, it can171

also be used to host papers and links on the submissions and winning solutions after the172

challenge is completed.173

4. Computational infrastructure for evaluating submissions. For some challenges, the needed174

computing power for this may be negligible. However, we expect it may be fairly significant175

in other cases, depending on the nature of the dataset and metrics in use.176

In an ideal world, a challenge would also make some amount of computational resources available177

to participants for training their models, which would promote access by those without easy access178

to powerful computing clusters. However, we recognize there are many practical difficulties with179

this, and so leave this as a bonus to be considered instead of a requirement.180

We decided to take the demands on these resources into consideration when evaluating the181

viability of different open data challenge proposals, as these practical matters affect the ease with182

which such a challenge can be prepared. For the first challenges, we expect to handle submissions183

with a platform similar to that used by the FAIR Universe challenges [12], which use CodaBench as184

an interface to computing resources provided by the NERSC cluster at Lawrence Berkeley National185

Laboratory [26]. This cluster can also serve as the data storage and distribution platform. These186

first challenges would be selected to not have severe demands on the dataset size and computational187

resources needed for evaluation; later challenges can aim to scale up on these demands.188

4 Criteria for Judging Open Data Challenge Proposals189

Workshop participants agreed on a few common criteria that can be used to judge the viability of190

various open data challenge proposals. For each of them, we consider the following questions:191

1. Does the challenge target a problem that is of broad interest to neutrino physicists, and pos-192

sibly even other physicists and non-physicists? Ideal challenges should benefit more than just193

a single experiment, whether this in terms of the physics impact or in terms of the antici-194

pated technical developments needed for good solutions. This question determines whether a195

particular data challenge justifies calling for broader community engagement.196
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2. Do tools already exist to generate the required open dataset, and could the dataset be used197

for other challenges or purposes as well? This is a practical concern, aimed at maximizing198

efficiency of effort needed by topical experts to create useful open datasets.199

3. Are the metrics that would be used to evaluate solutions clearly defined? Problems where200

success is still subjective are interesting, but belong more to the realm of exploratory research.201

For an open data challenge, concrete metrics are needed to allow participants who are not202

neutrino physicists to meaningfully participate.203

4. What computational resources would be needed to support the challenge? This question204

includes capacity to host and distribute the open dataset, as well as any resources that may205

be needed to evaluate solutions.206

Based on these criteria, each data challenge proposal presented by groups during the NPML207

workshop was sorted into one of three categories: near-term, mid-term, or long-term proposals.208

This classification combines questions of resource prioritization, proposal maturity, and expected209

impact. For instance, challenges where the performance metrics are not clear or where the tools210

for generating the required dataset are not yet ready get pushed to the mid-term or long-term211

categories, even if they address an important open problem. We emphasize that in this evaluation,212

we are not attempting to judge what kinds of research questions are interesting. We are only213

evaluating which problems seem most well-suited for the format of an open data challenge in the214

near future. In the following sections, we detail the results of these evaluations.215

5 Near-Term Proposals216

Near-term proposals are considered feasible to organize in the immediate future, as some of the first217

open data challenges that the field attempts. They should already have very concrete requirements218

and goals, such that we have clear ideas of what a good solution should achieve and how it would219

be applied. Creating an open data challenge centered on one of these proposals should require220

primarily organizational work, rather than exploratory research. Challenges in this category should221

also not require significant new infrastructure, which would otherwise need additional development222

time from the organizers. Lastly, near-term proposals should be in areas where there has already223

been demonstrated broad interest from the community in applying any novel promising solutions,224

in order to justify prioritizing them above other possible challenges.225

Anomaly Detection in Offline Data This challenge would require the identification of signals226

from one or more novel processes in an otherwise normal dataset, without specifics of the nature227

of the signals. These novel signals could be, but would not necessarily be, Beyond the Standard228

Model (BSM) processes. There is demonstrated broad interest in this topic from the community,229

and we expect novel technical solutions could be applicable across many types of detectors.230

• Dataset: Existing event generators and detector simulations would suffice, and the required231

level of detail is somewhat known from existing BSM studies already. Some exploration would232

be needed to determine whether low-level detector data or high-level reconstructed quantities233

are more appropriate for this challenge.234

• Metrics: Efficiency and purity metrics are well-established for searches for new processes.235

• Other Notes: A similar data challenge has already been held with the LHC Olympics [10].236

Using the resources and experience from that challenge could lower the barrier to setting up237

this challenge for neutrino physics.238
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Particle-Level Instance Segmentation This focuses on the low-level task of segmentation239

of detector-level hits, the results of which are used as input for many types of reconstruction240

algorithms. Improving performance on this task would improve the downstream performance of241

many other aspects of reconstruction as well.242

• Dataset: Labeled simulated datasets suited for this challenge already exist, having been243

created to train the current generation of reconstruction algorithms. These datasets are244

generally specific to a particular detector technology, but do not have to be specific to a245

particular experiment.246

• Metrics: Purity and Adjusted Rand Index (ARI) metrics are well-established metrics for247

evaluating current solutions to this task.248

• Other Notes: This challenge seems particularly well-suited for attracting outside experts,249

given the problem requires little knowledge of the associated physics and has straightforward250

metrics.251

Interaction Topology and Particle Identification in Water Cherenkov Detectors Water-252

based detectors that only use Cherenkov light often define “single-ring” and “multi-ring” event253

topologies. They also often face particular difficulties in distinguishing between e/γ/π0 interactions254

in their detectors. The ability to distinguish between these is important for the sensitivity of255

neutrino oscillation experiments using Water Cherenkov detectors.256

• Dataset: Labeled datasets containing the detector-level hits and simple truth-level in-257

formation already exist for studies of these problems with Super-Kamiokande and Hyper-258

Kamiokande.259

• Metrics: For particle identification, the classification accuracy as a function of energy, di-260

rection, and position in the detector is a commonly used metric already. For ring counting,261

solutions just have to guess the correct number of rings, but weights for how much to penalize262

the degree of undercounting or overcounting need to be tuned.263

• Other Notes: Although this challenge targets a specific detector design, the underlying264

technical problems do not require unreasonably deep domain expertise to be approachable265

and seem well-suited for an open data challenge.266

Ghost Hit Suppression in Liquid Argon Time Projection Chambers Wire and strip-267

based liquid argon time projection chambers combine multiple 2D readouts to create a 3D projection268

of interactions in the detector. However, the ambiguity from combining 2D projections can result269

in “ghost hits” in 3D space, where no interaction actually occurred. Removing these ghost hits is270

important to downstream reconstruction tasks in these detectors.271

• Dataset: Labeled datasets containing the basic detector-level hits and corresponding truth-272

level information needed for this challenge already exist, as they are used for reconstruction273

studies in many existing liquid argon time projection chamber experiments.274

• Metrics: Standard metrics for efficiency and purity in removing ghost hits and not removing275

true hits already exist for reconstruction studies.276

• Other Notes: Although this challenge targets a specific detector design, the underlying277

technical problem does not require domain expertise and seems well-suited for an open data278

challenge.279
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Hit/Charge Reconstruction from Waveforms Reconstructing hits, charge, or other high-280

level quantities from waveforms from detectors’ various sensors is the first step of any reconstruction281

chain. Improvements here can help all other downstream algorithms as well.282

• Dataset: This requires simulation of raw detector sensor responses, along with the truth-283

level information that generated those responses. While these simulations already exist, the284

size of the dataset that would need to be released for this challenge may be large, since285

uncompressed waveforms require a lot of storage space.286

• Metrics: The accuracy and resolution of the reconstructed quantities are standard metrics287

used to evaluate this type of reconstruction. Conventional techniques also already exist for288

all of these problems and perform quite well, so they can serve as benchmarks.289

• Other Notes: While the specific types of waveforms and high-level quantities that need to290

be reconstructed will depend on a choice of detector, the general problem is applicable to291

many types of detectors, and so is still suitable for an open data challenge.292

Fast Simulation with a Surrogate Model This would require participants to develop a model293

that can closely replicate the results of a detector simulation while having substantially reduced294

computational requirements. This challenge could also be modified to require a differentiable model295

in particular.296

• Dataset: Existing detector simulations would be sufficient. These should include the particle-297

level deposits and the resulting detector-level quantities. The test dataset would provide only298

the former and ask submissions to predict the latter.299

• Metrics: Distance metrics for determining the fidelity of the surrogate models exist. It is300

more unclear how to incorporate computational efficiency into the evaluations. One possi-301

bility is to simply impose a maximum runtime on all submissions, but this requires further302

exploration.303

• Other Notes: If computational efficiency is part of the requirement, the organizer must304

provide computational resources for evaluating submissions, which will also raise questions305

of optimizing solutions for specific hardware. Experience from the LHC fast calorimeter306

simulation challenge [11] may be helpful here.307

6 Mid-Term Proposals308

Mid-term proposals are assessed as requiring more thought or work in one or more of the cate-309

gories described in section 4, but where the path to fully developing the proposal seems clear and310

only a moderate amount of additional work may be needed. These proposals would probably be311

realistic options for one of the later data challenges, after some organizational experience has been312

accumulated.313

Supernova Pointing This would ask participants to use low-level or raw detector data cor-314

responding to detection of a nearby core-collapse supernova to reconstruct the direction of the315

supernova, within some latency constraint. This is widely acknowledged as an important capability316

of large neutrino detectors as part of a global Supernova Early Warning System (SNEWS) [27].317

Different collaborations have conducted their own studies on their detectors’ capabilities, but this318
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is a topic where people outside of those collaborations would benefit from improving their pointing319

resolution as well.320

• Dataset: Packages for simulating neutrinos from core-collapse supernovae already exist, but321

the question of how to structure the open data release requires thought. Raw detector data322

from a single supernova tends to be extremely large in size, and solutions need to obey certain323

latency and hardware constraints in order to be practically useful for real experiments. It is324

not clear whether the open data should simply be many simulated supernova bursts. These325

details must be ironed out before an open data challenge can be prepared.326

• Metrics: The resulting supernova pointing resolution is a clear metric of interest for each327

solution, but their latency and resource consumption should also be taken into consideration.328

It is not yet clear how to include these latter metrics in the overall evaluation.329

• Other Notes: Depending on how the structure ends up being structured, it may have330

nontrivial storage and computational needs from the organizers. In addition to simulated331

data, it could be interesting to consider making the actual neutrino data from supernova332

1987a part of the open data release.333

Supernova Data Compression Instead of performing supernova pointing directly from the raw334

detector data, this challenge would ask participants to compress the raw data while retaining enough335

information to perform effective pointing. This is of particular interest for underground experiments336

with heavy computational and bandwidth constraints at their detector site. If supernova data337

could be efficiently compressed, they could be quickly sent out to remote clusters, where the initial338

pointing could be done by more computationally intensive advanced algorithms.339

• Dataset: Raw detector data from a supernova burst would be part of this dataset, like in340

the previous challenge. However, the storage demands would probably be even higher, since341

this challenge would not pre-compress any of the raw detector data.342

• Metrics: Evaluation would be some combination of data compression efficiency and the343

supernova pointing resolution that is possible with the resulting compressed data. However,344

it is not obvious how to balance these two in the evaluation.345

• Other Notes: Since we need to know the pointing resolution that is possible with the346

compressed data, this challenge would probably also require participants to submit a pointing347

algorithm intended for use with their compression approach. This pointing algorithm would348

not be subject to particular hardware or runtime constraints, but the organizers must have a349

way to verify that its output comes from the compressed data, and not directly from the raw350

test dataset.351

Online Triggering This challenge seeks to improve the ability of live online trigger systems to352

identify events of interest. The “events of interest” can be defined flexibly for this challenge, but353

should be targeting something that is difficult for existing conventional triggers. Solutions will have354

to be subject to some kind of latency and compute-power constraint, in order to simulate realistic355

experimental conditions.356

• Dataset: Like the previous challenges, simulated raw detector data are needed as inputs to357

the trigger algorithm, which brings question of storage capacity. Some effort could be shared358

with a challenge centered around anomaly detection, if the anomalies are suitable as signal359

events for testing the trigger system.360
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• Metrics: Standard metrics for evaluating conventional trigger systems already exist, usually361

considering the true signal efficiency for a given total trigger rate. The latency and compute362

requirements of solutions do not have to be part of the evaluation metric, so long as they fall363

under the given constraints.364

• Other Notes: Since this challenge is only interesting if latency and compute restrictions365

can be imposed on solutions, the challenge organizers will probably have to run a standard366

hardware setup. Submissions would have to be configured so that they can all run on this367

setup.368

Multi-task Regression of Reconstructed Quantities From raw detector hits, reconstruction369

algorithms typically build up higher-level objects and then obtain estimates of various quantities370

of interest. For instance, for a single identified particle track, this could include estimating its371

origin vertex, its particle ID, its energy, and its direction. This challenge would ask submissions372

to simultaneously predict all of these quantities, instead of doing them separately with different373

models, as is done in most current reconstruction chains.374

• Dataset: Some enhancement of the simulated detector data currently used for training375

reconstruction algorithms would be needed, due to a need for more detailed per-particle376

and per-event labels. The dataset should also be designed to contain events with sufficient377

complexity for multi-task regression to be an interesting enough challenge over predicting378

each quantity one at a time.379

• Metrics: The evaluation would be some combination of accuracy on all the quantities that380

are being regressed, but it is not obvious how to weight them against each other. A combined381

metric incorporating all of them will be needed to compare solutions that are not strictly382

better or worse than each other.383

• Other Notes: Evaluation of solutions is very cheap, as we only have to compare lists of384

predicted versus true quantities in the test dataset.385

Multi-modal Detector Reconstruction Many detectors consist of multiple components or386

types of sensors specialized for different purposes (for instance, having separate charge and light387

readout systems in a liquid argon time projection chamber). Reconstruction techniques can treat388

each detector mode individually and then combine them afterwards, but treating them all together389

from the beginning can yield better results.390

• Dataset: This requires a combination of simulated data from each component of the detector,391

along with information on how the data from the different components should be aligned or392

relate to each other. These simulations and information all already exist in principle, but some393

work would be required to release them together in a format that is intelligible to non-experts394

in the detector design.395

• Metrics: Overall accuracy and resolution on an event could be evaluated, but some investi-396

gation is needed to determine how well this gauges solutions’ abilities to combine information397

from multiple detector modes.398

• Other Notes: This challenge would likely initially pick some specific existing detector design,399

but afterwards, the dataset design and metrics could likely be generalized to be usable for400

other detectors as well.401
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Reconstruction Robustness against Detector Variations Most detector simulations rely on402

several tunable parameters in order to match the responses seen in measured data. These tend to403

represent various physical conditions that are not known a priori, such that they must be extracted404

from the actual detector data. This tuning is often not perfect, and so reconstruction algorithms405

should ideally be robust against small changes in these parameters.406

• Dataset: This challenge would reuse datasets from typical reconstruction-focused challenges,407

but there would need to be multiple additional copies of the datasets with different types of408

detector variations applied. The test datasets would then use other unseen detector variations,409

but which should not be entirely out of distribution compared to the provided training sets.410

• Metrics: The typical reconstruction performance metrics can still be used, but we may wish411

to evaluate them for multiple datasets with different degrees and types of detector variation.412

• Other Notes: The main question for this challenge will be determining the types of detector413

variations that are reasonable to include in the training and test datasets.414

7 Long-Term Proposals415

Long-term proposals are those that require significant additional thought in multiple areas before416

we can realistically consider setting them up as data challenges. For some of these proposals, it is417

not clear they are well-suited for the format of an open data challenge, even if they are attempting418

to address an important research question. Nonetheless, we include everything discussed during419

the workshop for completeness.420

Neutrino Oscillation Analysis with Uncertainty Estimates This would consist of perform-421

ing a typical neutrino oscillation analysis given certain experimental inputs, with proper incorpo-422

ration and propagation of all relevant uncertainties. While this is clearly of interest as one of the423

primary goals of neutrino oscillation experiments, it is not yet known exactly what the uncertainties424

will look like.425

• Dataset: The tools to simulate the neutrino oscillation data that would be used for this426

challenge do not exist yet, but we expect they will be developed in due course by upcoming427

neutrino oscillation experiments.428

• Metrics: Typical statistical metrics of bias and coverage will be sufficient.429

• Other Notes: While having an analysis method that satisfies our bias and coverage demands430

is clearly useful, it is not yet clear that the analysis method itself will be a limiting factor in431

next-generation neutrino oscillation analyses. As such, this challenge would be more worth432

revisiting after those experiments have more mature analyses.433

Learning Interpretable Maximally Separating Observables For some particular sets of434

signal and background processes, some choices of observables do better jobs of separating them than435

others. Classical analyses hand-choose observables to optimize an analysis. ML techniques combine436

high-dimensional information to improve this separation, but typically at the cost of interpretability.437

A technique that maximizes signal/background separation with a physically interpretable output438

combines the best of both worlds and could yield more generalizable insight to the problem.439
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• Dataset: Typical detector-level simulations used for regular analyses would probably suffice.440

Some thought would have to be given to whether low-level quantities should be given in441

addition to high-level observables, to allow for more flexibility in types of solutions.442

• Metrics: Standard signal-to-background metrics are enough for the quality of the learned443

observables. However, the key requirement is determining their interpretability, and there is444

no clear metric for this. Without it, the output of a standard ML classifier would already be445

a solution.446

• Other Notes: This could be tied into a bigger challenge around optimizing analysis chains447

in general, which would likely face similar problems in evaluating solutions.448

Online Data Compression Many detectors save waveforms from their sensors that contain449

significant periods of time where not much interesting is happening. However, these samples do450

usually carry some information about baselines and noise, which are needed to properly analyze451

signal hits when they arrive. Finding a way to compress these waveforms with minimal loss of452

information would free up storage and reduce data transfer latency.453

• Dataset: Both simulated and actual measured waveforms would be good to include in this454

challenge, since in this case the truth label is simply the original waveform. No particular455

cleaning or preparation would be needed for them either, if the goal is to be able to handle456

arbitrary waveforms.457

• Metrics: There exist general metrics for compression efficiency, but using those would just458

reduce this to a computer science problem. Some metric that measures the loss from using459

the compressed waveforms instead of the full waveforms in an actual analysis would be ideal,460

but this requires further work to develop.461

• Other Notes: Most experiments already have methods of zero suppression or otherwise462

being efficient in how they store information from their detectors. There should be some463

exploration of what kind of improvement is realistic, and how much this would help those464

experiments.465

Real-time Detector Monitoring Given data from all available sensors in a detector, search466

for anomalies that indicate degraded detector conditions, events of interest, or anything else that is467

worth human intervention. This would reduce reliance on human monitoring for ensuring detectors468

are operating well.469

• Dataset: The dataset would ideally be a near-full set of monitoring data from an actual470

detector, which would include any unusual conditions that human detector shifters already471

flagged. However, there are likely significant non-technical barriers to making this kind of472

data available.473

• Metrics: Being able to reproduce human-flagged periods of detector instability would be a474

requirement, but it is unclear how to evaluate anything novel that submissions flag in the475

dataset.476

• Other Notes: The type of data requested for this challenge is generally not made publicly477

available, as it includes run conditions databases, logs, and data from monitoring sensors.478

14



Detector Design Optimization When developing new techniques, the detector design is often479

treated as immutable, simply because it has already been built or is already under construction.480

When looking toward future experiments, there is the potential to use ML-based techniques to481

explore the space of possible detector designs and better optimize the detector’s sensitivity to482

particular processes.483

• Dataset: The primary content of the dataset would be a set of truth-level interactions in484

some near-infinite medium of interest. Solutions would propose a detector design to construct485

around this volume. The dataset may need to include sets of allowed detector components486

and sensors, along with defined responses for them, so that designs cannot simply propose487

unrealistically high-performing components.488

• Metrics: Many possible metrics exist, but is unclear how to choose and combine them in489

an appropriate way. Detector performance metrics, such as energy resolution, spatial resolu-490

tion, and particle identification capabilities, would be relevant, but many of these depend on491

downstream analysis tools as well. Metrics could also be aimed at specific physics processes492

instead of low-level detector metrics, but this has similar difficulties.493

• Other Notes: The amount of information needed to constrain detector designs to be realistic494

and the number of metrics that need to be optimized make this difficult to define as an open495

data challenge.496

AI-Assisted Literature Search Most researchers would benefit from a reliable tool for more497

efficiently conducting literature searches. There is a much bigger market for this kind of tool498

already, but tuning them for maximum effectiveness within some subfield could require more specific499

expertise.500

• Dataset: This just requires the current body of available literature, which likely does not501

require explicit construction into a designated dataset.502

• Metrics: There are no obvious metrics for judging the usefulness of any particular output,503

besides simply having humans read and evaluate them.504

• Other Notes: It is not clear that this is well-suited for a challenge organized by neutrino505

physicists, given that such a tool would have very general utility.506

8 Conclusions507

Bottom line still to be written508
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