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The Fair Universe project organised the HiggsML Uncertainty Challenge. This groundbreaking
competition in high-energy physics (HEP) and machine learning was the first to strongly emphasise
uncertainties, focusing on mastering both the uncertainties in the input training data and providing
credible confidence intervals in the results. The challenge revolved around measuring the (𝐻 →
𝜏+𝜏−) cross-section, similar to the HiggsML challenge held on Kaggle in 2014, using a dataset
representing the 4-momentum signal state. Participants were tasked with developing advanced
analysis techniques to measure the signal strength and generate confidence intervals that included
both statistical and systematic uncertainties. The accuracy of these intervals was automatically
evaluated using pseudo-experiments to assess correct coverage. The dataset is now published in
Zenodo, and the winning submissions are fully documented.
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1. Introduction

Ten years ago, part of our team co-organised the Higgs Boson Machine Learning Challenge
(HiggsML [1, 2]. This challenge has significantly heightened interest in applying Machine Learning
(ML) techniques within High-Energy Physics (HEP) and, conversely, has exposed physics issues to
the ML community. However, the other challenge which remains, and must be tackled for future
discovery, is how to effectively quantify and reduce uncertainties, including understanding and
controlling systematic uncertainties. The traditional way to address this is to estimate the systematic
uncertainty in the parameter estimation using shifted datasets and propagating that uncertainty to
the final error prediction. However, this does not address the fundamental issue of biased ML
models. In the past 10 years, advanced efforts that integrate uncertainties into the ML training
include approaches that explicitly depend on nuisance parameters [3–12], that are insensitive to
nuisance parameters [13–30], that use downstream test statistics in the initial training [31–41], and
that use Bayesian neural networks for estimating uncertainties [42–45]. Many of these topics were
covered in recent forward-looking review-type articles in Refs. [46, 47]. Unfortunately, many of
these works are often published with different datasets and problem settings, making comparing
between methods a challenge. This motivated the creation of a publicly available challenge with a
large dataset focused on uncertainty quantification. The Fair Universe Uncertainty Challenge [48]
was accepted as a NeurIPS 2024 Challenge, and the paper is accepted in the Dataset and Benchmark
track of NeurIPS 2025.

2. Challenge Setting

The participant’s objective is to develop an algorithm to estimate the amount of Higgs boson
signal and provide a 1 𝜎 confidence interval to that prediction. The physics process in question is
the Higgs boson decaying into two 𝜏 particles: (𝐻 → 𝜏+𝜏−) (see Figure 1). The parameter to be
estimated is the signal strength 𝜇, which is defined as the ratio of the observed number of signal
events to the expected number of signal events in the standard model. The main background in the
challenge is (𝑍 → 𝜏+𝜏−) events. These events are a thousand times more likely to be produced
than the Higgs Boson.

MET

l

τhad

Figure 1: Diagram of the particles in the final state chosen: one lepton, one tau hadron, up to two jets, and
the missing transverse momentum vector [48]
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As this challenge focuses on uncertainties, the participants’ model was tested on a shifted
dataset that had systematics with unknown values of nuisance parameters. Further, to correctly
evaluate the confidence interval (CI) given by the participants, we test the participants’ model several
times (10 trials of 100 pseudo-experiments in the first Public phase and 1000 trials of 100 pseudo-
experiments in the later Private phase), each trial with a given value of signal strength 𝜇 randomised
between 0.1 and 3. The competition was hosted on the Codabench platform [49], which provides
a standardised environment for running machine learning competitions. The platform allowed
participants to submit their models, which were evaluated on the provided datasets. Codabench was
integrated with the Perlmutter[50] Supercomputer hosted by the National Energy Research Scientific
Computing Centre (NERSC) to speed up training and testing of complex machine learning models.

3. Datasets and Systematics

The challenge dataset [51] was generated using the Pythia8 [52] event generator in conjunction
with the Delphes3.5 [53] detector simulator. This method offers a significantly faster alternative
to using MadGraph [54] for event generation and GEANT 4 [55] for detector simulation. This
was to generate large amounts of data. The dataset aimed to be at least 200 times larger than the
equivalent number of events in the LHC. This was because we wanted to reduce the uncertainty
originating from having a finite amount of data (MC uncertainty). For this purpose, we generated
the equivalent of 220 times 10 fb−1. The 10 fb−1 luminosity corresponds to approximately 800
billion inelastic proton collisions or 2 weeks in summer 2024 conditions. This was then divided
into 160 × 10 fb−1 for Training (Publicly available) and 60 × 10 fb−1 for private test sets (used to
evaluate the participants). In total, we generated 3 types of background events, 𝑍 → 𝜏𝜏, 𝑡𝑡 and
Di-boson events and Higgs, which is the signal. Preselection cuts were applied to the dataset based
on hadronic tau and jet 𝑝𝑇 . Since the Higgs Boson has a much lower cross-section compared to the
background processes, we generated a larger number of signals (around 20𝑘 × 10 fb−1) to have a
balanced dataset for training. Table 1 gives the summary of the public dataset.

Table 1: Summary of the dataset for each category and subcategory. "Number Generated" is the number
of events available. In contrast, "LHC events" is the expected number of selected events for an equivalent
luminosity of 10 fb−1.

Process Number Generated LHC Events

Higgs 52,101,127 1,015

Z Boson 221,724,480 1,002,395

Di-Boson 2,105,415 3,783

𝑡𝑡 12,073,068 44,190

The dataset has high-level Primary variables (𝑝𝑇 ,𝜂,𝜙) of 𝜏lep, 𝜏had and leading and subleading
jets and Derived variables (eg. the invariant mass of the hadronic tau and the lepton.) are stored
in a tabular form and was made available to the participants. The full list of variables and their
definitions can be found in the competition White Paper [48].
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We provided a shifting function to transform the datasets for a given set of 6 different nuisance
parameter values, three feature-distorting systematics ( Tau-hadron Energy Scale (TES), Jet Energy
Scale (JES) and Soft Missing Transverse Energy (Soft MET)), which change the values of different
features in the datasets and three normalisation systematics, which change the numbers of each
background event-category or weights (Total Background Normalisation, Di-boson Background
Normalisation, 𝑡𝑡 Background Normalisation).

4. Evaluation and Scoring

The scoring algorithm evaluates the coverage of the quoted CI by checking the percentage
of times where the true 𝜇 (the green vertical line in Figure 2a) falls within the quoted CI (The
blue horizontal lines in Figure 2a). Ideally, the coverage should be 68.27%. Since the number
of pseudo-experiments is limited, the coverage can fluctuate. To properly account for this, we
designed a special coverage penalty function ( 𝑓 (𝑥)) Figure 2b which gives 1 when the coverage is
near 68.27% and a much higher value if the model is overconfident or underconfident.

The final score Equation 1 is the negative log of the mean width 𝑤 of CI times the coverage
function 𝑓 (𝑐). The 𝜖 is a small correction to avoid 𝑙𝑜𝑔(0) at 𝑤 = 0. This means to get a high score,
one must minimise the width 𝑤 without sacrificing the coverage.

score = − ln((𝑤 + 𝜖) 𝑓 (𝑐)) (1)
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Figure 2: (2a)Coverage plot: predicted intervals (blue lines) for each pseudo experiment generated for a
given 𝜇true (vertical dotted line). The coverage (here 70 ± 5%) is determined by the fraction of horizontal
blue lines intersected by the vertical line. The average width of the interval is here 1.068. (2b) Coverage
penality: 1D function to penalise models with poor coverage. [48]

5. Competition results and best submissions

The competition took place in 2 phases. Phase I (Public Phase) took place in the Codabench
platform, and participants’ models were tested with 10 sets of 100 pseudo-experiments. A time
limit of 2 hours was set for the model evaluation in this phase. At the end of the Public phase, a
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clear trio was at the top of the public leaderboard: HEPHY with a quantile score of 0.878, followed
by Ibrahime (0.823) and Hzume (0.179). The best three submissions in the public Phase were then
moved to Phase II (Private Phase). For the Private Phase, we re-evaluated the selected submissions
in a new dataset of approximately 60 million events (i.i.d. with the original one). The evaluation
was done on 1000 trials of 100 pseudo-experiments. All submissions were run on the same pseudo-
experiments, instead of separate pseudo-experiments for the public leaderboard. Figure 3 shows
the results for all trials for the trio. The CI width is seen falling at large values of 𝜇: this is due to
the clipping of the Confidence Interval to a maximum value of 3, which was the maximum value
in this competition. In the Private phase, scores HEPHY and IBRAHIME were very close; hence,
additional bootstrap analysis of the variance of these results showed that submissions of HEPHY
and IBRAHIME cannot be reliably ranked, hence the final rankings :
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Figure 3: Comparative study of the three finalists (blue for Hzume, orange for HEPHY and green for
Ibrahim’s model) with 1000 trials of 100 pseudo-experiments. 3a the coverage from each trial, 3b the average
CI width and 3c the quantile score [48]

• 1st tie: HEPHY with "Unbinned inclusive cross-section measurements with machine-learned
systematic uncertainties" [56] (Lisa Benato, Cristina Giordano, Claudius Krause, Ang
Li, Robert Schöfbeck, Maryam Shooshtari, Dennis Schwarz, Daohan Wang) from Vienna’s
Institute of High Energy Physics (HEPHY) in Austria wins $2000.

• 1st tie IBRAHIME (Ibhrahim Elsharkawy) with "Contrastive Normalizing Flows for Uncertainty-
Aware Parameter Estimation" [57] from University of Illinois at Urbana-Champaign, USA
wins $2000.

• 3rd HZUME (Hashizume Yota) with "Decision-Tree Aggregated Features and Hybrid Bin-
Classifier/Quantile-Regressor" from Kyoto University, Japan wins $500

6. Conclusion

The competition brought together cutting-edge infrastructure for AI training and inference with
large datasets and a standardised scoring for uncertainty computation. The dataset is permanently
stored in Zenodo and is publicly available, which ensures its possible use as a standard benchmark
for uncertainty quantification in HEP. The competition concluded with 2 competitive yet different
winning solutions from HEPHY and IBRAHIME, suggesting the possibility of combining these
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models. We believe that submissions from the FAIR Universe challenge can push the boundaries
of Uncertainty-Aware Artificial Intelligence in the coming years, within and outside the HEP
community.
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