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Introduction
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Slide from M. Kagan

Goal of today’s lecture: understand the different concepts and link them together
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Introduction: Why systematics are important?

3

Slide from M. Kagan

We are entering in a new era: 
After the Higgs boson discovery, the focus shifted toward the measurement of its properties:

Is this “the Higgs”?

“precise” Higgs measurements → reduce the 
uncertainties to increase the sensitivity to tiny 

BSM induced anomalies. 

mailto:ilaria.luise@cern.ch
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How does a fit (usually) work in HEP? 

5

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

210

310

410

Ev
en

ts
 /

Data 
=1.00)µ (b b→VH, H 

Diboson
Z+jets

-CR dataµe
Uncertainty

 70× b b→VH, H 

ATLAS Internal
 -1 = 13 TeV, 139 fbs

 3 jets, 2 b-tags≥2 leptons, 
 < 150 GeVV

T
 p≤75 GeV 

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

0.5
1

1.5

D
at

a/
Pr

ed
.

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

210

310

410
Ev

en
ts

 /
Data 

=1.00)µ (b b→VH, H 
Diboson
Z+jets

-CR dataµe
Uncertainty

 70× b b→VH, H 

ATLAS Internal
 -1 = 13 TeV, 139 fbs

 3 jets, 2 b-tags≥2 leptons, 
 < 150 GeVV

T
 p≤75 GeV 

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

0.5
1

1.5

D
at

a/
Pr

ed
.

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

210

310

410

Ev
en

ts
 /

Data 
=1.00)µ (b b→VH, H 

Diboson
Z+jets

-CR dataµe
Uncertainty

 70× b b→VH, H 

ATLAS Internal
 -1 = 13 TeV, 139 fbs

 3 jets, 2 b-tags≥2 leptons, 
 < 150 GeVV

T
 p≤75 GeV 

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

0.5
1

1.5

D
at

a/
Pr

ed
.

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

210

310

410

Ev
en

ts
 /

Data 
=1.00)µ (b b→VH, H 

Diboson
Z+jets

-CR dataµe
Uncertainty

 70× b b→VH, H 

ATLAS Internal
 -1 = 13 TeV, 139 fbs

 3 jets, 2 b-tags≥2 leptons, 
 < 150 GeVV

T
 p≤75 GeV 

1− 0.8− 0.6− 0.4− 0.2− 0 0.2 0.4 0.6 0.8 1
 outputVHBDT

0.5
1

1.5

D
at

a/
Pr

ed
.



Ilaria Luise, LPNHE Paris - January 2020

How does a fit (usually) work in HEP? 
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Maximise the likelihood 
..within some boundaries

Note: sometimes the Montecarlo can be replaced 
by a certain function, like for example for H→𝛾𝛾
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Nuisance parameters

7

These boundaries are called “nuisance parameters” and define our  
level of uncertainty on the montecarlo

• Account for shape differences  
• Account for normalisation effects 
• Account for uncertainties in the applied corrections or in the theory 
• Account for uncertainties associated with limited data 
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Types of uncertainty

8

Systematic 
Uncertainties 

Statistical 
Uncertainties

Experimental 

Modelling }Total 
uncertainty

}
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Experimental uncertainties
Muons: 
Match tracks in the MS and in 
the ID (combined muons) 

χ2
match

ET miss: 
Missing Transv. Momentum 

Momentum imbalance in the 
transverse plane: 

               Emiss
T = − ∑

i∈obj.

p i
T

Jets: 
Reconstructed from clusters 

in the ECAL+HCAL 
Anti-kT algorithm

Electrons: 
match a cluster in 
ECAL with an 
ID track  

9
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Experimental uncertainties

10

Some examples:  

• Calibrations 
• Identification 
• Trigger uncertainties 

• Jet energy scales 
• Flavour tagging 

• Energy corrections



Modelling uncertainties
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Chapter 4 Proton-Proton Collisions and Their Simulation

4.1 Physics Beyond the Proton-Proton Collisions

Several phenomena occur in pp collision events. The so-called factorisation theorem allows to split this
event in several parts, which are described separately in the simulation of an event. A schematic picture of
these parts is shown in figure 4.1. The main parts are: 1. the incoming protons and their parton contents,
which are described by parton distribution functions (PDF), 2. the hard scattering event producing
new particles, which is described by the matrix element (ME), 3. the transition intermediate partons to
observable colour neutral hadrons, which involves a parton shower (PS) and subsequent hadronisation.
This can also be expressed as a di↵erential cross section d�pp!X/dO, with O, denoting a specific set of
observables (transverse momenta, jet multiplicities, etc.), which has to be calculated:

d�pp!X

dO
=
X

i, j

Z
dx1dx2

Z
d⌦ fi(x1, µ) f j(x2, µ)

d�̂i j!x(x1, x2,⌦,↵s(µ), µ)

dÔ
Dx!X(⌦, µ) (4.2)

The previously mentioned parts can also be identified in equation 4.2: PDF fi, f j for the colliding partons
i, j, the matrix element (ME) or partonic cross section d�̂/dÔ and the transition function D. In addition,
there are several energy scales involved: the fraction of the protons’ momenta that is carried by the
colliding partons x1, x2, the renormalisation and factorisation scale which are usually chosen at the same
value µ, the coupling strength at this given scale ↵s(µ) and the available phase space ⌦. Some of these
parts can be precisely calculated whereas others have to be modelled by introducing approximations or
"cookbook recipes". These pieces and how they are simulated are explained in the following [5, 22].

p
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Parton Shower
g

q

q

q

Z

Hadronisation

Underlying Event

p p
Pile−Up

UE

Figure 4.1: Schematic picture of a proton-proton collision. Shown are the incoming protons and their parton
content described by the PDFs, the partonic interaction given by the ME, the PS and hadronisation of the quarks
and gluons in the event and additional activity in the event originating from the underlying event and pile-up.

parton distribution functions (PDF): To calculate a partonic cross section it is essential to know
which parton takes part in the collision and the momentum it carries. The PDF describe the
probability distribution to "find" a certain parton with a certain fraction of the proton’s momentum

16

Matrix element matching scale (CKKW): the scale taken for the calculation of the 
overlap between jets from the matrix element and the parton shower.

 Resummation scale (QSF): the scale used for the resummation of soft gluon emissions.

𝝁R: energy scale of the process (used to 
renormalize ultraviolet diverg. In loops) 

𝝁F: cutoff to distinguish the 
partons absorbed in the PDF 
from the ones in the hard 
scattering.

Configurable parameters:

• Each generator is made up of building 
blocks tuned using an array of configurable 
parameters.  

• Need to build our systematic model to 
account for the uncertainties on these 
configurable parameters.  

• give enough freedom to the fit to absorb 
these potential Data/MC differences.

What MC uncertainties should we consider in our 
Systematic Model?

Start building the MC Systematic Model

https://twiki.cern.ch/twiki/bin/view/AtlasProtected/BTagCalib2017
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Matrix element matching scale (CKKW): the scale taken for the calculation of the 
overlap between jets from the matrix element and the parton shower.
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Modelling uncertainties
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PDF

Matrix Element

Parton Shower

Renormalization scale (𝝁R)

Factorisation scale (𝝁F)

Resummation Scale (QSF)

CKKW

Underlying Event

Pile-up (not covered)

EW corrections (not covered)

Radiation High/Low

Configurable parameters: Consider one effect at a time:

Start building the MC Systematic Model

https://twiki.cern.ch/twiki/bin/view/AtlasProtected/BTagCalib2017
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Statistical uncertainties

13

mailto:ilaria.luise@cern.ch


Sofia Vallecorsa, Ilaria Luise CERN - sofia.vallecorsa@cern.ch | ilaria.luise@cern.ch

The fit model:

Systematic uncertainties are parametrized by nuisance parameters (NPs), constrained with priors:

μ =
σ ⋅ BR

σSM ⋅ BRSM

ℒ(μ, θ) =
Nbins

∏
i=1

(μsi(θ) + bi(θ))ni

ni!
e−(μsi(θ)+bi(θ)) × ℒaux(θ)

ℒaux(θ) =
Nsyst

∏
j

1

2πσj

⋅ e
−(θj − θj)

2

2σ2
j

Simultaneous binned Likelihood fit built across multiple analysis categories:

Poisson term for 
each bin  Parameter of interest: 

Signal strength  

Gaussian penalty term for the 
distribution of the NP priors

Nuisance parameters (NP) 
Additional parameters  

(not of interest). 

‣ JES, JER, MET 
‣ Lepton reco, ID, iso, calibration 
‣ b-tagging uncertainties 
‣ Lumi, pile-up

‣ Shapes and relative normalizations across regions 
‣ Flavor composition uncertainties 
‣ Theory uncertainties: PDF, scales, PS/UE  
‣…

Hypothesis testing: 
𝜇 = 0 → background only hypothesis 
𝜇 = 1 → SM signal+background hypothesis

14
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A concrete example: 

15
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A concrete example: 

16

mailto:ilaria.luise@cern.ch
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A concrete example: 

17
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A concrete example: 

18
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A concrete example: 

19

mailto:ilaria.luise@cern.ch
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A concrete example: 
The “pull plot”

mailto:ilaria.luise@cern.ch
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Introduction
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Let  an input point,  a predictive model with parameters 𝑥 𝑓𝜔 𝜔

Objective: Quantifying the uncertainty on the prediction  
Predictive uncertainty

𝑓𝜔(𝑥)

Aleatoric uncertainty	
Uncertainty related to the data

Epistemic uncertainty	
Uncertainty related to the model

A review of uncertainty quantification in 
deep learning: Techniques, applications and 
challenges, M. Abdar et al., https://doi.org/
10.1016/j.inffus.2021.05.008

Slide from G. Daniel 

Representation of the total 
predictive uncertainty by a 
probability distribution

 : input data point	
 : model parameters 
 : possible output	
 : Training dataset

𝑥
𝜔
𝑦∗

𝐷

𝒑(𝒚∗ 𝒙, 𝑫) = ∫
𝝎

𝒑(𝒚∗ 𝒙, 𝝎)𝒑(𝝎 |𝑫)𝒅𝝎
Aleatoric Epistemic

mailto:ilaria.luise@cern.ch
https://doi.org/10.1016/j.inffus.2021.05.008
https://doi.org/10.1016/j.inffus.2021.05.008
https://doi.org/10.1016/j.inffus.2021.05.008
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Aleatoric uncertainties

23

Phenomenon Observations Observed data

Randomness 
in the 

phenomenon

Error and noise 
in measurements

Missing data

We can reduce the aleatoric uncertainty by improving the measurement (reducing the error or noise) 
for instance.

Statistical and systematic 
uncertainties

Slide from G. Daniel 

Uncertainty intrinsic within the data, irreducible by improving the model or increasing the dataset	
A larger dataset does not reduce aleatoric uncertainty, 	

but it helps to give a better estimation! 

mailto:ilaria.luise@cern.ch
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Aleatoric uncertainties: examples

24

Slide from G. Daniel 

Noisy spectra Noisy images

Text from social media
Noisy detector channels 
 (e.g. for reconstruction)

mailto:ilaria.luise@cern.ch
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Epistemic uncertainties

25

Slide from G. Daniel 

Represents the lack of « knowledge » or « understanding » of a 
model on a specific input data point

Two main origins of epistemic uncertainty for machine learning models: 
• Estimation error: the training dataset is just a sample of all the possible observable data 
• Approximation error: no model can approximate perfectly the unknown « true » function

𝑓̂
𝑓∗ 𝑓†

𝔽:𝕏 → 𝕐

𝓕𝝎
Estimation	

 error Approximation 
error

Optimal 
model

« True » 
function

Estimated 
model

Space of all the 
possible models 

with parameters 𝜔

Space of all the 
functions

It can be possible to reduce epistemic uncertainty by using more data 
and increasing the model complexity

mailto:ilaria.luise@cern.ch
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Epistemic uncertainties: examples

26

Slide from G. Daniel 

Epistemic uncertainty refers to the uncertainty of the model (epistemology is the study of 
knowledge) and is often due to a lack of training data.

7%

8%
10%
11%

29%

35%

Rare or underrepresented 
occurrences in a dataset

Rare words in a text dataset

Domain shift: differences in 
distribution between data 
and Montecarlo or between 
test and training datasets

Choice of the ML 
architecture

mailto:ilaria.luise@cern.ch
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Uncertainties example

27Kendal, Gal, NIPS 2017, https://papers.nips.cc/paper/2017/file/2650d6089a6d640c5e85b2b88265dc2b-Paper.pdf

the model fails to segment the footpath due to 
increased epistemic uncertainty, but not 

aleatoric uncertainty

mailto:ilaria.luise@cern.ch


Can we match these uncertainties 
with what we have seen in HEP 

analyses?

• Aleatoric uncertainties 
• Epistemic uncertainties 

• Experimental uncertainties  
• Modelling uncertainties 

• Shape uncertainties (change in distribution) 
• From limited knowledge of the distribution 

• Statistical uncertainties
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Final answer (debatable, but still..):

29

Slide from M. Kagan 

mailto:ilaria.luise@cern.ch
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How to reduce uncertainties:

30

mailto:ilaria.luise@cern.ch
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Deterministic vs stochastic models

31

• For ML models, stochasticity is bound up with physical realism.  
• Much easier to produce realistic outputs from a stochastic ML model (‘generative model’) 

than a deterministic ML model. 
• Technical tip: Deterministic ML loss functions without physical constraints will tend to 

blurry the hedge of uncertainty

mailto:ilaria.luise@cern.ch
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How to represent uncertainties

32

mailto:ilaria.luise@cern.ch
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A list

33

A Survey of Uncertainty in Deep Neural Networks, J. Gawlikowski et al,,  
arXiv:2107.03342 	

 

mailto:ilaria.luise@cern.ch
https://arxiv.org/abs/2107.03342
https://arxiv.org/abs/2107.03342


Sofia Vallecorsa, Ilaria Luise CERN - sofia.vallecorsa@cern.ch | ilaria.luise@cern.ch

Example: Learning Systematics

34

Louppe, Gilles, Michael Kagan, and Kyle Cranmer. "Learning to pivot with adversarial networks." arXiv:1611.01046 (2016).

• Ex. Regression: model aleatoric uncertainty in the output by 
modelling the conditional distribution as a Normal distribution 

• Generative models –based uncertainty learning

mailto:ilaria.luise@cern.ch
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Interpretability

Uncertainty Aware Machine Learning Models for Particle 
Physics Applications , Tue 09/05

Interpretability Inspires: Explainable AI for DNN Top Taggers, CHEP2023

mailto:ilaria.luise@cern.ch
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FAIR principles

36

FAIR:  
Findability, Accessibility, Interoperability, and Reuse of digital assets 

FAIR4HEP: Fair AI models in High Energy Physics, CHEP2023

mailto:ilaria.luise@cern.ch


Some resources:
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- PHYSTAT seminar: On relating Uncertainties in Machine Learning and HEP [link] 

- Uncertainties workshop at Learning to Discover 

- Great new ML review in PDG: [Cranmer, Seljak, Terao, 2021] 

- Snowmass paper on uncertainty for ML in HEP: [2208:03284] 

- Book Chapter: [Dorigo, de Castro Manzano] 

https://cds.cern.ch/record/2842460
https://indico.ijclab.in2p3.fr/event/5999/timetable/
https://pdg.lbl.gov/2022/web/viewer.html?file=../reviews/rpp2022-rev-machine-learning.pdf
https://arxiv.org/abs/2208.03284
https://www.worldscientific.com/doi/abs/10.1142/9789811234033_0017


Backup
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Keys, queries, values

39

http://jalammar.github.io/illustrated-transformer/
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Tranformers

40

http://jalammar.github.io/illustrated-transformer/
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Systematics: training dataset size
arxiv:2008.06545 
NEW: arxiv:2202.07352

Generalisation 
to multi-
dimensional 
problem

41

Most physics data sets described by continuous function  
GAN can interpolate

• If a GAN is trained on N data points, how many new 
points can be drawn? 

• GAN can describe distribution better than training 
data 

• Needs 10,000 GAN points to match 150 true points 
• In terms of information: 

• sample: only data points 
• fit: data + true function 
• GAN: data + smooth, continuous function
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Bonus: Montecarlo reweighting with NN
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Systematic uncertainties: image similarity

• Use the Structural Similarity Index 

where  are two samples to be compared 
• Calculated on sliding windows, then averaged. 
• Ours is a 3D problem: SSIM computed in xy plane, 3rd dimension is channel 
• Adjust C1-C2 to the pixel dynamic range 

SSIM(𝒙, 𝒚) =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)

(𝜇2
𝑥 + 𝜇2

𝑦 + 𝐶1)(𝜎2
𝑥 + 𝜎2

𝑦 + 𝐶2)

𝒙, 𝒚  SSIM(𝒙, 𝒚) = 1  ⇔ 𝒙 = 𝒚
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GAN can exhibit mode-collapse or mode-drop 
How much diversity in the generated sample? 
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Systematics: rare events
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“Standard”

It is important to reproduce correctly 
the topology and occurrence of rare 
events
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