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Bias and uncertainty in Physics

Differences between simulation and data can bias measurements

COMETA Workshop on Uncertainty Quantification for Machine Learning 2



Bias and uncertainty in ML in HEP

e ML methods in HEP are often trained based on simulation which has estimated systematic
uncertainties (“Z")
® These are then applied in data with the different detector state Z=?

Simulation /\AI Data
with Z = 1.0 PPy with Z = 72

Train

Common baseline approach: Train classifier on nominal data (e.g. Z=1) and estimate
uncertainties with alternate simulations. Shift Z and look at impact or perform full profile

likelihood
Simulation
with Z = 0. 95

Simulation
with Z = 1 05

Simulation

withZ=1.0

Simplistic estimate of
uncertainty

Train
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Landscape of Uncertainty Aware Learning

ver2)

e “pivot” Louppe, Kagan, Cranmer : arXiv:1611.01044
e “Uncertainty-aware” approach of Ghogl

PhysRevD.104.056026
O Parameterizaas

Narrower
is better

griood: e.g. arxiv:2203.13079 . . . ‘ .
gsimulation Based Inference has to include Z: oy
arXiv:1911.01429 (Signal Strength)
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https://arxiv.org/abs/1611.01046
https://link.aps.org/doi/10.1103/PhysRevD.104.056026
https://www.kaggle.com/c/higgs-boson
https://arxiv.org/abs/1806.04743
https://arxiv.org/abs/2203.13079
https://arxiv.org/abs/1911.01429

Fair Universe: HiggsML Uncertainty Challenge

FAIR UNIVERSE - HIGGS ==

UNCERTAINTY CHALLENGE S —

Full HiggsML Uncertainty Challenge Ran from September 12 to March 14th
Accepted as NeurlPS competition 2024

Dedicated workshop at NeurlPS (most important ML conference) - 2024 at
December 14th

Final results presented in May at CERN(satellite event of IML - 2025)

COMETA Workshop on Uncertainty Quantification for Machine Learning 5


https://openreview.net/forum?id=aiYrZONlqy
https://neurips.cc/virtual/2024/competition/84792
https://indico.cern.ch/event/1523250/

Fair Universe: HiggsML Uncertainty Challenge

2014

3
chela?e%i E

2024

>

FAIR Universe

Data Source

ATLAS Open Data (Sample of real
data)

New simulated dataset

Data Quantity

800,000

400,000,000

Parameterized
systematics

6 Systematics

Inference Classification accuracy Signal strength (* ) Cl with pseudo-
experiment
Metric Z - Classification Significance New metric aimed at Cl Coverage

COMETA Workshop on Uncertainty Quantification for Machine Learning



Challenge Objective

4 / e Train Al model to improve cross-section measurement significance
34 e Trained Model must predict :
2 4 3 H,. : best muestimate
. 3 [Hg4 Heal : 68% Confidence Interval
. \ / 0 Tests done on shifted dataset
0.:35 l.l.:)O 1.65
1.004 | 4
003 - 5 Model giving the
2 smallest Well
@ 10024 2] Covering Confidence
1.001 - 1 \ / Interval Wins
1.000 T T T 0 T T T T
0.95 1.00 1.05 1.000 1.001 1.002 1.003 1.004
mu alpha
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Challenge Dataset

® Generated data with fast simulation with Pythia LO and Delphes detector simulation
® Using the updated Delphes ATLAS card
® Generated ~280 Million Events after initial cuts equivalent to 220 X 10fb-1

e Data Organised into tabular form with 28 features per event.

Process Number Generated LHC Events g@lOfb' Label

Higgs 52101127 1015 signal

7 Boson 221724480 1002395 background
Di-Boson 2105415 3783 background
tt 12073068 44190 background

Dataset permanently released on Zenodo in May 2025 for Future Benchmarks

https://zenodo.org/records/15131565

COMETA Workshop on Uncertainty Quantification for Machine Learning



Dataset : some feature examples
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Challenge Datasets - Systematics

Apply parameterized systematics (Nuisance Parameters) : Zhad

® Feature distortions:
O Tau Energy Scale (and correlated MET)
O Jet Energy Scale (and correlated MET impact)
O Additional randomised Soft MET

e Event category normalisation
O Background overall normalisation
O Di-boson background normalisation

o Leading jet
O ttbar background normalisation

COMETA Workshop on Uncertainty Quantification for Machine Learning

Sub -leading jet
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Tau Energy Scale Systematics Applied
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Coverage Evaluation

. ® Form multiple pseudo-experiment test sets:

0 e T oerage menvl different signal strengths (H) and systematics

S — --- truep ] .

80 - B —— O 100Htimes 100 pseudo-experiments
*é e—— e Task: predict uncertainty interval [H,,, Hgal
£ 607 = e
¢ ——— O E.g. 68% quantile of likelihood or assume 1o
;g 40 1 — T !

20 z‘i

—— 100 pseudo experiments
01 — Each with different 4 = » n
05 10 15 2.0 25 systematics -
I

|
] ]
-- . :
Y

100 sets each with different values of *
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Coverage Evaluation

ot ® Form multiple pseudo-experiment test sets:
100 —_— —— Coverage interval H H .
— T e different signal strengths (H) and systematics
S — --- true
80 - ’ O 100Htimes 100 pseudo-experiments
E = e Task: predict uncertainty interval [H,,, Hga]
£ 607 = e
g ———— O E.g. 68% quantile of likelihood or assume 1o
-g 40 —
20 =‘i7
i :
0.5 10 15 2.0 25 10!
" X
Scoring formula — s = — In (('w + e)f(c))
. / 6 —— A(X)Niest = 100
Mean width Coverage S —— fX)Niese = 1000
pena|ty 05 06 07 08 09 1.0
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"
R

Winners

Medal Rank Team Avg Coverage Avg Interval Avg Quantile Score
1 (Tie) HEPHY 0.6683 0.4599 -0.5823
1 (Tie) IBRAHIME 0.6698 0.4974 -0.5761
3 HZUME 0.6659 0.8134 -2.1650

R

e HEPHY (Lisa Benato, Cristina Giordano, Claudius Krause, Ang Li, Robert Schéfbeck, Dennis Schwarz, Maryam
Shooshtari, Daohan Wang) from Vienna’s Institute of High Energy Physics (HEPHY) in Austria will win $2000.

¢ |IBRAHIME (Ibrahim Elsharkawy) from University of lllinois at Urbana-Champaign will win $2000.

e HZUME (Hashizume Yota) from Kyoto University Japan will win $500.

COMETA Workshop on Uncertainty Quantification for Machine Learning 15



Final evaluation on 1000 x 100 p-e

Quantile Score vs Mu Interval Length vs Mu Coverage vs Mu
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3000

Frequency
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1000

Final evaluation on 1000 x 100 p-e

Sampled 10,000 times (with replacement) 100 trial of 100 pe each
Computed the Interval, Coverage and Quantile Score for each trial
Analysed the results.
Did NOT find enough precision to separate HEPHY’s and Ibrahim’s models

Declared a Tie.

Histogram of bootstrapped Scores

-8

Hzume (std_err=2.226)
HEPHY (std_err=1.443)
Ibrahim (std_err=1.674)

4000

3000

Frequency

1000

Histogram of bootstrapped Interval Length

B Hzume (std_err=0.009)
HEPHY (std_err=0.007)
W |brahim (std_err=0.007)
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Histogram of bootstrapped Coverage

s Hzume (std_err=0.009)

HEPHY (std_err=0.005)

mm [brahim (std_err=0.007)

=
.63

0.64 0.65 0.66 0.67 068  0.69
Coverage
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BERKELEY LAB
FAIR Universe

. CONT RASTIVE "3 g
NORMALIZING FLOWS

., FOR UNCERTAINAWARE PARAMETER
ESTIMATION

—
IBRAHIM ELSHARKAWY
UNDER THE GUIDANCE OF PROF. YONI KAHN
arXiv link : https://arxiv.org/abs/2505.08709



https://arxiv.org/abs/2505.08709

Contrastive Normalizing Flows

= {\ . A% ‘_\.\ . AN\ Q'h .
N A N N
i = o o
D I o Z

R EL R i a7 QEX IR

X EXERY X EXER X EXERY

P(x) * .fl(zo) o f,-(z,:_l) .fm(za @_x * P ()
~ N(0,1) A / J& ﬁlf\_\

_——_——
S

~ ’
~ -
S o-"

2o ~ po(2o) z; ~ ;0;(2:) Zg ~ PK ZK)

= Z {—logpg(x) +'C ) logpg(y)}

l | X,YED
| | Hyper parameter

For Example: x = signal events, y = background events For tuning signal like
vs Background like
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DNN Training with CNF

Train the same DNN with event data perturbed with a variety of nuisance parameters.
P(xi | Slg9 ¢s[xi, V]])

r(x;, vy, V) &

P(xi | Bg’ ¢bg[xi’ VZ])

Sig CNF
c=2

Sig CNF - \3 7 O\ ‘
c=0.5 - \ =N .
@ P ) » Histogram
Bg CNF , YO

c=2

c=0.5
Loss: Binary Cross Entropy
3’———2 [y - log(®) + (1 =y - log(1 — 5]
= and Isigma « Inverse Neyma
Error Bars Construction

Learn more at: https://arxiv.org/abs/2505.08709

{NP,}
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https://arxiv.org/abs/2505.08709

UNBINNED MEASUREMENTS WITH REFINABLE SYSTEMATICS
- HEPHY Vienna

Lisa Benato, Cristina Giordano, Claudius Krause, Ang Li, Robert Schéfbeck, Dennis Schwarz, Maryam Shooshtari, Daohan Wang
Full tall at EPS-HEP : Accepted by Phys RevD



https://indico.in2p3.fr/event/33627/contributions/154598/attachments/95166/145658/25-07-09+EPS+unbinned+GOLLUM.pptx
https://journals.aps.org/prd/accepted/da07eQ89R491014ed2910e87278c93caa6d9c5aee

TEST STATISTIC

r

* Profile loglikelihood test statistic

max, L(D|u,
4.(D) = —2log Dy, v)

max,,.. L(D|u, )

» Extended likelihood (for one selection)
Nob

L(D|p,v) = P(Nobs| Lo (u, prz\u,
8 Al A Edio

' ('D|p,, ) Nobe dO'(33i|,u'a )
log DL 0) —L(o(p, ) —a(1,0)) + Z log (W)

* Need to evaluate the differentiad and the inclusive cross section
for new observed datay ) and as a function of the model parameters.

ct,q B j Xhodgq EO OEA O11Ti1 ET Al 6 PAOAI AGAO bi ET O
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4(%2% ! . $ "L#+ 1 1). 8

Additive exnansion with analvtic denendence farrmalization uncertainties

do(z|p, ) =pdou(z| it (1 + apkg)edoz (x| )
+ (1+ Qbkg)wm(l T (,yu)'/‘f"dat{(aﬂ )
+ (1 == Ozbkg)u“k““' (1 -+ (1\,«'\;)’/\'V dO’VV (m| )

Relate to reference model and factorize the calibratitype systematics

doy (x| ) dop(z| ) dou(x|0) & A
doy(z| )= ) do(z]1,0) = x do(z|1,0) ~ Sy (x| )gu(x)do(x|1,0)
o’(m|1,0)\/1 dJH(m|Oi/i€($1,0) )
T \

Repeatfor Z, tt, VV & put it together:

d - :
DCR = #‘i’o; ~ p'gy(z)Su(z| YH (1 + apkg)”P+e (Qz(w)sz(-’l’| )

A

+ (1 + o) Gz () Sz (x| ) + (L4 avv)™ gvv(z)Svv (| )) = R(z|p, ) = surrogate
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Conclusion

Al challenge which addresses Systematic Uncertainty in HEP problem.
New Scoring to take Coverage and Confidence interval into account.
Large Computing Infrastructure as back_end

Exciting submissions which could be applied to future HEP analysis
New long term permanent benchmark will be launched Soon.

Large Public Data Set with ~280M Events (signal + background)

Help and feedback: #higgsml-uncertainty-challenge channel on the Fair Universe Slack
Ongoing information Google Group: Fair-Universe-Announcements
Collaborations, guestions, comments: fair-universe@|Ibl.gov

COMETA Workshop on Uncertainty Quantification for Machine Learning 24



https://fairuniverse.slack.com/archives/C07LJ4J9X8Q
https://join.slack.com/t/fairuniverse/shared_invite/zt-2dt9ovrp1-jvi0DnCK9jzL3VGrdwYNMA
https://groups.google.com/u/0/a/lbl.gov/g/Fair-Universe-Announcements/
mailto:fair-universe@lbl.gov

Weak gravitational lensing

Weak Lensing ML Uncertainty Challenge B Universe

Overview

The gravity of matter warps the surrounding space- time
and causes distortions in the observed shapes of the
background galaxies.

Powerful probe of the matter distribution in our
universe from coherent patterns of galaxy shapes.

Numerous current and upcoming WL surveys: DES,
HSC, Euclid, Rubin LSST, Roman, etc.

Traditional analysis based on two-point correlation
functions can only capture limited amount of j
information from the weak lensing data.

Al/ML-based approaches could capture more

information hidden in higher-order correlations!




Weak Lensing ML Uncertainty Challenge B Universe

Competition tasks

Phase 1. Cosmological Parameter Estimation

e Participants will develop models that:
o Accurately infer cosmological parameters ﬁ“ from the weak lensing image
data.
o Quantify uncertainties via the 68% confidence intervals d . ch| of the parameters of
interest.

Scoring metrics: KL divergence between the true Gaussian-like posterior distribution and the Gaussian with the predicted mean
and standard deviation:

N 2 ,\ 2
truth truth
P N | (@ - Qi) (S - Simen)
_|_
Ntest ; O-?Zm i o’%,s ;

SCOTre€ jnference — —

~ 2 . 9
+log (6?2m,i) + log (&2Ss,i) + A [(sz - Qfﬁh) + (Sg’i — ngiuth) ] }



Weak Lensing ML Uncertainty Challenge

* Mock galaxy catalogs predicted with N-body simulations and

o

lens algorithms at 101 cosmological parameters

* Pixelized 2D weak lensing images: convergence maps

* The model must take into account the systematic
uncertainties from 3 realistic systematic effects

2 baryonic effect uncertainties
1 photometric redshift uncertainty

along with tunable pixel-level noises

Same cosmology
different systematics

FA[R
. uUniverse

[ Noiseless convergence

map(Qm, Ss) = (0.3000, 0.8000); NP = (8.0375, 0.0213, 0.0335)
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Weak Lensing ML Uncertainty Challenge

Phase 1 Baseline solutions (tested on validation data)

Phase 1 Competition leaderboard (in the final phase of testing)

Method Name Score
Baseline_CNN_MCMC_it100k_006_new_data_score = 8.6995
CNN predictions
w/ MCMC
Baseline_CNN_direct_new_data_score 8.2667
CNN direct predictions
Baseline_PSA_MCMC_it100k_002_new_data_score 4.5766

Power spectrum analysis
w/ MCMC

MSE

0.1924

0.1957

0.349

RA2

0.804

0.8006

0.6446

FA[R
. uUniverse

s CNN MCMC
messs CNN Direct
Power Spec MCMC
---- CNN MCMC best fit
---- CNN Direct best fit
Power Spec best fit
Ground Truth

A starting kit of the power spectrum analysis baseline solution for the Phase 1 competition
is now available on our GitHub repository or Google Colab




Weak Lensing ML Uncertainty Challenge B Universe

Prizes

For the Phase 1, the top three performers will be awarded the following prizes:

1st Place:

2nd Place: $2,000 =
$1.500 3" Place:

$,500

In addition to monetary prizes, we will invite the participants who come up

with top solutions to present at a our competition workshop in NeurlPS 2025.

Join the competition today from HERE!

https://www.codabench.org/competitions/8934



https://www.codabench.org/competitions/8934

Thank you for
your attention!

30



Thank you for
your attention!
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Challenge Objective

® Train a Al model to improve cross section measurement
significance
e The model will be tested with datasets with unknown
systematics and signal strength H, ( H=1 if Standard Model)
® For each pseudo-experiment participants must predict
best mu estimate:
3 H,. . best muestimate
3 [Hy Heal @ 68% Confidence Interval

COMETA Workshop on Uncertainty Quantification for Machine Learning 33



Fair Universe: HiggsML Uncertainty Challenge

Extension of previous HiggsML challenge from 2014

New Fair Universe dataset, with following improvements
O Use (much) faster simulation
O Numbers of events 800 K+ ~400 M ( 280M public + 120M private )
O Parameterized systematics

Task : given a pseudo-experiment with given signal strength, provide
a Confidence Interval on signal strength taking into account statistics
and systematics uncertainties

COMETA Workshop on Uncertainty Quantification for Machine Learning



Background on Fair Universe Project

e 3 year US Dept. of Energy, Al for HEP project. Aims to:
O Provide an open, large-compute-scale Al ecosystemfor sharing

datasets, training large models, fine-tuning those models, and

hosting challenges and benchmarks.

O
FAIR Universe

Organize a challenge series progressively rolling in tasks of
increasing difficulty, based on novel datasets.

O Tasks will focus on measuring and minimizing the effects of

systematic uncertainties in HEP (particle physics and cosmology).

® This funding went to LBL, NERSC, U Washington, and Chalearn
(Isabelle Guyon's Non-Profit US Organisation).

COMETA Workshop on Uncertainty Quantification for Machine Learning
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Uncertainty Quantification Metric

S

N
— % ZZ’:() |I—1'84,z' — H16,i|

) Cc = % Zio 1 if(petrue,i € (18,0 — Mae,i])
e |Interval width (w) averaged over N test sets
e Coverage (c) fraction of time His contained
z > 0.68 — 2063 and z < 0.68 + 2045 : 1.0n f(X):

x<0.68 — 2043 : 1+‘M|4 10

f(x)

z>0.68 + 2063 : 1+’ML+2068)‘3

) (1-0.68)0.68N) - —— fXNiese =100
with ogg = —— fXNsese = 1000
N 05 06 07 08 09 1.0

N dependance for equivalent ideal coverage

Penalizes undercoverage more
e Final score (s) designed to avoid large values or s=—1In ((’w + E)f(C))

gaming
SeealsoSascha Diefenbacher’”s Al SSAI Wor kst
COMETA Workshop on Uncertainty Quantification for Machine Learning 36



https://indico.in2p3.fr/event/30589/contributions/130542/attachments/81509/120098/Diefenbacher_Uncertainty_Metrics.pdf

“ Competition Flow

,_éﬂ\ fé;
'¢ : )]
Get Public Data > Train model
Compete with other
@ best submissions
Make sure to not r Prepare zip with model.py and win_ Fhe
train in fit functlon and pre-trained model competition
— 9
Submit your model to the Leaderboard is update Best submission is
competition website once a day taken to Phase 2

Repeat till phase
ends ) o arnin_



Large-compute-scale
Al ecosystem ...
hosting challenges and
benchmarks.

N\
\
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Codabench Platform

Codabench - open source platform for Al benchmarks
and challenges

Platform Benchmark Benchmark
Developers Organizers Participants . . . .
Develop 4 b Prepare 4 | submit 4 | e Originally (Codalab) Microsoft/Stanford now a Paris-
Codabench | (1) Flexible B((egchg'\a)rk Code Saclay/LISN led community
2)E undi€)  |(3) Reproducibl :
bl vy i e > 600 challenges since 2013
,. Task B > i .
= (3) Docker e Completely open-ended competition design.

A Meta- i . .
Benchmark | (2) Creatior e Allows code submission as well as results e.g. for

Platf . .. e
atform evaluation timing or reproducibility

e Also data-centric Al “inverted competitions”

® Queues for evaluation can run on diverse compute
’4— Requirement e Implementation‘ resources

e Platform itself can be deployed on different compute
) resources
' C dQ bench e Ranked best challenge platform for ML by ML contests

COMETA Workshop on Uncertainty Quantification for Machine Learning


https://www.lisn.upsaclay.fr/?lang=en
https://mlcontests.com/state-of-competitive-machine-learning-2023/

Fair Universe Platform:
Codabench-NERSC integration

FAIR Universe [ Microservice # J
Benchmark Jobs
Job

44 podman:hpe submitted
using the
g Weer |, SF AP i i
i8S Pedmeter,; ' System Specifications

Benchmark submission payload N#ﬂsc Partition # of nodes CPU GPU

GPU 1536 1x AMD EPYC 7763 4x NVIDIA A100 (40GB)

Monitoring for
submissions from 256 1x AMD EPYC 7763 4x NVIDIA A100 (80GB)
Specific users

Benchmark
results [

FAIR Universe
Challenge

Ceodabench

codabench.org

or

COMETA Workshop on Uncertainty Quantification for Machine Learning
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Basic Algorithm

1. Divide datainto train_set  and holdout_set

2. Usetrain_set  to Train the simple dense NN 106

3. Define S_iand B_i : predicted score bin content . :155?223!
4. Construct for S.i () and B_.i( ) functions from o

4 pseudo-data

holdout_set 10° 1
5. Combine define Binned Negative Log Likelihood
function as function of NPs and H
6. For Each pseudo experiment 10° 1

Events

a. Predict score for pseudo experiment

b. Use Minuit to find value of mu, sigma_mu and NP 10° B o " o " "
c. Returns Model Output
m mu_hat

Yy pl6 = mu - sigma_mu
Yy p84 = mu + sigma_mu
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NN with L2 regularization using PyTorch

PyTorch NN Classifier is Trained to distinguish Signal
(Higgs) from Background (Z)
32 features,
Architecture
o 3 Hidden layers with 100 nodes
O 1 Output node
O RelLU Activation between layers

O L2 Regularization during training
Model return score between O (background) and jayer layer
1(signal),

COMETA Workshop on Uncertainty Quantification for Machine Learning
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Parameterisation of S( )

With the help of the holdout_set  for we get values of S and B for each NP in each bin.
A polynomial function is used to fit them. This function is later used in the NLL formalism

Bin 21 Bin 22

Bin 24
s toe ) us{ * 2
N . . . . ] ’
fits - 16 1 fits . fits
106 +
14 140 1
- .
104 +
£ 12 4
4 : 0135
o i
102 4
104
130 4
100 +
08 +
1254 *
T T T T T T T T T T T T T T T T T T T T T T T T T T T
0.900 0.925 0.950 0.975 1.000 1.025 1050 1075 1100 0.900 0.925 0.950 0.975 1000 1025 1.050 1075 1100 0900 0925 0950 0975 1000 1025 1050 1075 1100
theta theta

theta
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Parameterisation of B(alpha)

Events

Events

Bin 21

22000{ * b

fith
20000 -
18000
16000
14000
12000
10000
8000 -

e =

6000 - o o

T T T T
0.900 0925 0.950 0.975

T T
1000 1025
theta

Bin 23

T T
1050 1075

T
1100

20000

fitb

18000 4

16000 4

14000 4

12000 +

10000 +

8000 +

6000

4000 -

T T T T
0.900 0.925 0950 0975

T T
1000 1.025
theta

T T
1050 1075

T
1100

Events

Events

Bin 22

20000 -

18000

16000

14000 4

12000 4

10000 4

8000 -

6000 -

fitb

- . =

T T T T
0.900 0.925 0.950 0.975

T T
1.000 1.025

theta

Bin 24

T T T
1050 1075 1.100

18000 -

16000

14000 4

12000 4

10000 +

8000 -

6000 -

4000 4

- -

fitb

-

T T T T
0.900 0.925 0.950 0.975

CUIVIC 1A VVUIRDIIUPY UL uncertainty Quantification for Macinic Lcdiinig

T
1.000
theta

T
1.025

T T T
1050 1075 1.100
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Profile y and| simultaneously

L(mdD) =[] -
1=1 v
=t =— 2log (L(p.d | D))
Nbins

— 2 Z n; log(puS;(@) + Bi(a@)) + (uSi(@) + B;(a))

e | i keli hood e|swhemaisar whi
NP t hus t hetigmnanumisithe c¢c h L
predicted pu,

L here i s t
vector of

Ul
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3rd Place Solution
Decision-Tree Aggregated Features
and Hybrid Bin-Classifier/Quantile -Regressor

Yota Hashizume (hzume)
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Overview

e 2-stage, GPU-free GBDT-based model _
’ {(xfj,yi,-)};ﬁlﬂvP(vi,ui) » {ﬁij} : Predicted labels

e First stage ' @
Simple statistics of {xij}jiil

oY

o Aggregated features

abeis 15114
A

o Used2models( , )

e Second stage

V; : Predicted TES & JES Simple statistics of {pij}?ﬁl

o Estimate 68% confidence interval

by using aggregated features

oY oY

obes puoosog

o Used2models( , )and [f16, figs] : 68% confidence interval

merged their outputs
https://indico.cern.ch/event/1523250/contributions/6456344/attachments/3070079/5431138/higgsml-3rd-

place.pdf
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