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Slide source

The FAIR Universe Project   https://fair-universe.lbl.gov/   

● 3 year US Dept. of Energy, AI for HEP project. (U Berkeley, U Washington and Chalearn)
● Provide an open, large-compute-scale AI ecosystem for sharing datasets, training large 

models, fine-tuning those models, and hosting challenges and benchmarks.
● Organize a challenge series, progressively rolling in tasks of increasing difficulty, based 

on novel datasets.
● Tasks will focus on measuring and minimizing the effects of systematic uncertainties in 

HEP (particle physics and cosmology).

● Broad team in HEP, ML and computing involved in several previous challenges and 
benchmarks for HEP (e.g. HiggsML and TrackML, LHC Olympics, Fast Calorimeter 
Simulation Challenge) and wider (e.g NeurIPS competition track, MLPerf HPC); as well as 
Uncertainty aware learning in HEP

● Now: Fair Universe HiggsML Uncertainty Challenge, a NeurIPS 2024 competition 4 / 30

https://indico.cern.ch/event/1523250/contributions/6456338/attachments/3070068/5431108/Fair%20Universe%202025%20-%20IML%20workshop_first.pdf
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Fair Universe: HiggsML Uncertainty Challenge

Slide source

Extension of previous HiggsML challenge from 2014 (a classification problem for Higgs 
decaying to Tau leptons based on final state 3-momenta and derived quantities)

⇒ new Fair Universe dataset, with following improvements
➢ Use (much) faster simulation, less accurate (but does not matter)
➢ Numbers of events 800.000  ⇒  ~300 millions
➢ Parametrised systematics (Nuisance Parameters)

Composed of Signal (H→ττ) and three backgrounds (Z→ττ, tt, VV)

Task : given a pseudo-experiment with given amount of signal, provide a 
Confidence Interval on signal strength.

Run as an official NeurIPS 2024 competition till 14th March 2025
2410.02867
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Fair Universe: HiggsML Uncertainty Challenge
28 features:
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Systematic Uncertainties: parameterized by nuisance parameters ν

Three primary Feature distortions (and correlated impact on derived features):

● Tau Energy Scale (and correlated MET)
● Jet Energy Scale (and correlated MET)
● Additional randomized Soft MET

Three Event category normalizations

● Overall background normalization
● Di-boson background normalization
● ttbar background normalization

Slide source
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The Signal is buried in the systematics!
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How can we extract the signal from this dataset?

We divide and conquer!
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How can we extract the signal from this dataset?

We divide and conquer!

● Apply physics domain knowledge 
● Break it down to smaller pieces
● Use analytic formulas when possible

● Base everything on likelihood test statistic
● Use Machine Learning in remaining parts
● Use many small instead of one big network
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First, we divide phase space in signal and control regions

→ VBF SR

→ ggH SR

→ VBF SR

→ 90% of data, bkg CR
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Then, we define our test statistic

Profile log-likelihood test statistic
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Then, we define our test statistic

Profile log-likelihood test statistic

Extended likelihood (for each selection)

… and its (log-) ratio

Differential Cross section Ratio: DCR 12 / 30



And we re-write it in terms of known quantities
The DCR splits into signal and background components

with analytic dependence on the normalization-type nuisances and signal strength μ.
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And we re-write it in terms of known quantities
The DCR splits into signal and background components

with analytic dependence on the normalization-type nuisances and signal strength μ.

The calibration-type nuisances are tackled by inserting a “factor 1”:

Effect of systematics 
per process

Share of process 
p on total xsec
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The first ingredient to the DCR: the multi classifier 

➢ Tensorflow NN with 28/128/128/4, ADAM, moderate L1/L2 regularization, CE loss
➢ Data highly imbalanced – needed class weights (based on σ)

gp(x)
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Calibration is important!

➢ Events in the bin 0.19 <           < 0.21 need to have ~20% fraction of p
➢ But:      is off by ~7%,      is off by -2% (gets amplified x10-x100!) 

The first ingredient to the DCR: the multi classifier 

gH gZ

g p(x)

gp(x)
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Calibration is important!

➢ Events in the bin 0.19 <           < 0.21 need to have ~20% fraction of p
➢ But:      is off by ~7%,      is off by -2% (gets amplified x10-x100!) 

The first ingredient to the DCR: the multi classifier 

gH gZ

g p(x)

gp(x)

Isotonic Regression saves us
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The second ingredient to the DCR: the parametric NN S p(x∣ν)

➢ A network trained with cross entropy loss learns the density ratio: [2406.19076]
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The second ingredient to the DCR: the parametric NN S p(x∣ν)

➢ A network trained with cross entropy loss learns the density ratio:

➢ We make a specific Ansatz, up to log-quadratic order:

➢ Tensorflow NN with 28 / 256 / 256 / 9, ADAM, CE loss
➢ Training data: 

All mixed samples with |νjes|+ |νtes|+|νmet| ≤ 2, and single |ν
i
| ≤ 3

[2406.19076]
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The second ingredient to the DCR: the parametric NN S p(x∣ν)
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Added bonus: this setup is refinable!
If we need to add a new background component, the existing terms remain valid.
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Added bonus: this setup is refinable!
If we need to add a new background component, the existing terms remain valid.

→ no need for retraining everything, only 2 new pieces are needed!
18 / 30
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Results I: Asimov Dataset

Binned reference: 
➢ In output node of multiclassifier
➢ Stable w.r.t. bin choices
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Results II: Impacts

➢ Dominated by statistics ➢ Impacts below 5% 21 / 30



Results III: Postfit Distributions

μtrue=3 μMLE=3.24
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Results IV: Toy Studies
Study of 50k toys,
Sampling μ and ν 
according to Challenge
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Results V: Interval Size & Coverage
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Official Results: pseudo experiments (p-e)
The official evaluation is done using pseudo-experiments:

“A dataset representative of what would be measured from 10fb-1 ~800 billion LHC pp 
collisions for a given value of μ and ν.”

p-e

Slide source

Case 1, μ=μ1
Randomized ν

p-e p-e

p-ep-e

Case 2, μ=μ2
Randomized ν

p-e p-e

p-ep-e

Case N, μ=μN
Randomized ν

p-e p-e

p-ep-e

...

2410.02867
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Official Results: Scoring

Online leader board:
10 trials x 100 p-e

Final leader board:
1000 trails x 100 p-e

Score = - ln ([interval size] x [coverage penalty])

2410.02867
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Official Results: Public Leader Board
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Official Results: Public Leader Board

2505.08709
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Official Results: Final Evaluation
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Official Results: Final Leader Board
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Gollum goes Higgs Uncertainty Challenge
➢ We developed an unbinned likelihood surrogate in μ and ν.
➢ We maximized physics input and used analytic functions wherever 

possible.
➢ Method is refinable, making it well-suited for experimental collaborations.

➢ The challenge was well designed and 
fairly realistic (missing fakes, non-prompts). 
→ challenging, but doable

➢ Our performance is state-of-the-art, 
winning the challenge ex aequo.

2505.05544
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