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The Setting: Data Analysis in HEP

Talk:
1) N. Berger



Data Analysis Pipeline in HEP
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Fundamental physics ; Ul
k parameters 6 O(10) particles O(100) particles O(108) detector elements /

ML efforts growing to develop fast, approximate surrogates of simulators
* See the Generative Models Workshop Summary
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Data Analysis Pipeline in HEP 6
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Particle Pattern Event Reconstruction Hypothesis testing
k Recognition & Selection / kParameter inference /

Long history of ML to improve particle pattern recognition and event classification
* See the Representations Workshop Summary
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Data Analysis Pipeline in HEP :
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Poisson Likelihood over Bins Slide Credit: N. Berger ¢
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Systematic Uncertainties

Slide Credit: N. Berger

The statistical model (PDF) is a way to express uncertainty on the
outcome of an experiment. e.g. 2D Gaussian :

These uncertainties are also called Statistical Uncertainties — they are
the ones encoded in the model PDF.

However the model itself may be wrong : this is a systematic error
— To account for them, need a set of Systematic uncertainties

Domain Shift in ML

The distribution of training data is
different from the distribution of data
on which we will apply the model
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Total 21.5
Statistical 16.2
Systematics 14.0
Statistical uncertainties
Data statistics only 13.0
Floating normalisations 7.2
Theoretical and modelling uncertainties
VH(— cc) 2.1
Z+jets 7.7
Top-quark 5.6
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Approaches for Handling Systematic Uncertainty in HEP-ML Models

11

« propagation of errors: one works with a model f(z) and simply characterizes how un-
certainty in the data distribution propagate through the function to the down-stream task
irrespective of how it was trained.

¢ domain adaptation: one incorporates knowledge of the distribution for domains (or the
parameterized family of distributions p(z|y,v) ) into the training procedure so that the per-
formance of f(x) for the down-stream task is robust or insensitive to the uncertainty in v.

« parameterized models: instead of learning a single function of the data f(z), one learns
a family of functions f(z;v) that is explicitly parameterized in terms of nuisance parameters
and then accounts for the dependence on the nuisance parameters in the down-stream task.

« data augmentation: one trains a model f(z) in the usual way using training dataset from
multiple domains by sampling from some distribution over v.

Error Propagation

From nice new PDG review of ML in HEP,
including discussion of uncertainties

o Domain Adaptation
normal training

1.0, 0.1

T7C1.0-05 0.0 05 1.0 15 20

px[)
px) = JP(X| v)p(v)dv

p(x|v)

Image credit:

K. Cranmer

Data Augmentation

f(x)

1:srneared(x)

Parameterized Classifiers

f(x;v)



https://pdg.lbl.gov/2021/reviews/rpp2021-rev-machine-learning.pdf
https://indico.cern.ch/event/1051224/contributions/4534940/attachments/2338808/3986931/PhyStat-systematics-ML-2021.pdf

Approaches for Handling Systematic Uncertainty in HEP-ML Models 12

« propagation of errors: one works with a model f(z) and simply characterizes how un-
certainty in the data distribution propagate through the function to the down-stream task
irrespective of how it was trained.

¢ domain adaptation: one incorporates knowledge of the distribution for domains (or the
parameterized family of distributions p(z|y,v) ) into the training procedure so that the per-
formance of f(x) for the down-stream task is robust or insensitive to the uncertainty in v.

« parameterized models: instead of learning a single function of the data f(z), one learns
a family of functions f(z;v) that is explicitly parameterized in terms of nuisance parameters
and then accounts for the dependence on the nuisance parameters in the down-stream task.
« data augmentation: one trains a model f(z) in the usual way using training dataset from
multiple domains by sampling from some distribution over v.
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Poisson Likelihood over Bins

Slide Credit: N. Berger 13
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Uncertainty in ML

Talks:
1) N. Brunel, T. Morzadec, V. Taquet, V. Blot
2) G. Daniel



Predictive, aleatoric and epistemic uncertainties .

Let x an input point, f,, a predictive model with parameters w

Objective: Quantifying the uncertainty on the prediction f,,(x)
— Predictive uncertainty

/\>

Aleatoric uncertainty Epistemic uncertainty
- Uncertainty related to the data/the - Uncertainty related to the model
phenomenon

Uncertainty induced by ® Measured Temperature

noise of the data : aleatoric 4 o — Predictions
Uncertainties

Prediction
Interval

Uncertainty due to lack
of data : epistemic

Slide Credit: G. Daniel 10 | : : y ' ' ' .
03-0300 030303 03-0306 03-0309 030312 03-0315 03-0318 030321  03-04 00
N. Brunel et. al Time




Slide Credit: G. Daniel

Epistemic Uncertainty o

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
e Approximation error: no model can approximate perfectly the unknown « true » function

F:X->Y < Space of all the
functions

fT
< « True »

function

Estimated

Space of all the model

possible models with
parameters w

Estimation
error Approximation

error

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



Uncertainty Estimation Approaches in Deep Learning .

o Gradient Metrices'

e Additional Network
for Uncertainty?

e Distance to Training

Data’

e Augmentation
Policies™

 Prior Networks*

e Evidential Neural
Networks®

o Gradient penalties’

© Sub-Ensembles™
e Batch-Ensembles®

e Application of
Variational Inference®

e Stochastic Vaniational
Inference”

« Normalizing flows'®

o Monte-Carlo
Dropout!?

\.

«Model Pruning®
 Distillation®

 Original works'?

e Diagonal Information

Stochastic MCMC" Matrix * e i
:Thcorctic Advances™ « Kronecker- P S ln!lmllxaza!md
E S e Data Shuffling
Sactonz[a;m } «Bagging/ Boosting "
» h:::: o ormation «Single Training Run™

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


https://arxiv.org/abs/2107.03342

Common approaches for computing Confidence Intervals 18

Quantile Regression

=== True mean
— Quantile: 0.05
| — Quantile: 0.5
—— Quantile: 0.95
+ Outside interval
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Slide Credit: G. Daniel
N. Brunel et. al

Model and Data perturbations
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A Survey of Uncertainty in Deep Neural
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arXiv:2107.03342
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MAPIE - Conformal Prediction 9

Model Agnostic Prediction Interval Estimator: a scikit-learn-contrib library

> For Y =R, consider a pre-fitted model o = A (D) (A : any
ML algo = Random Forest, Boosting, Neural Network...)

» Define a non-conformity score function s(x,y) € R &V +, Coverage:06%

Testing data
Tue confidence intervals

s(x,y) = |i(x) — y|

» Consider a holdout calibration data set
D' ={Z,i=1,...,N} and compute the (almost) .
(1 — a)-quantile

G1—o = Quantile ({S,- 2 5(X;, Yl)} ; [(N + 13\/(1 — a)})

-100 -75 -50 -25 00 25 50 75 100

» The prediction set for new Xpyy1 is

Cna(Xn1) = {y € R|s(Xn+1,¥) < G1—a} = [A(Xn+1) £ G1-d]

Slide Credit: N. Brunel et. al



Model Calibration - Do Output Intervals Make Sense? .

Main idea: probabilistic interpretation of the neural network output:

70 = p(yO L)

Comparison in the test set between the frequency of correct answers and the associated probabilities
Example: the frequency of correct classifications with a predicted probability 40% should be 40%

o Calibrated - Overconfident 0 Underconfident
Bl Outputs [l Outputs @l Outputs
0.8 Calibration gap 0.8 | Calibration gap 0.8 | Calibration gap
I”’,
0 0.61 2 0.6 206
1) [0 o
—_ | —_
2 2 3
é 0.4 & 0.4 g 0.4
0.2 0.2 1 0.2
0.0 0.0 0.0
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Confidence Confidence Confidence

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

Slide Credit: G. Daniel
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Do we need to worry about Epistemic Uncertainty in HEP?

Answer likely depends on the task, and the statistical inference method



Different Kinds of Uncertainty in Focus 2

Epistemic Uncertainties

For fixed data, does our model
represent the underlying
relationships

Systematic Uncertainties 2> Domain Shift

How wrong is our model when the data
changes a little bit

Space of all the
possible models with
parameters w

Estimation
error Approximation

error




ML in Reconstruction and Event Classification 2

For the moment, let’s ignore data / simulation P e
o . o [} B ® Daa ]
differences (domain shift) 8 160:_742925*%4' s o
: L {s=13TeV, 139 fo X VW ]
2O, et ]
S 1200 '
Does it matter what model we use for electron energy 00t
estimation, or for classifying Higgs bosons? 80F %
—> This determines our summary feature 601
40+ /
* Seems more a question of optimality rather than P

uncertainty %0 90 100 110 120 130 14 ! !o

* Fitting training data imperfectly, leads to suboptimal
results but not wrong results

* Epistemic uncertainty may not be important in this case,
but mainly a matter of systematic uncertainties



ML in modeling Signal and Background 9

Need epistemic uncertainty when using ML to model signal & backgrounds?

* ML for fast simulations of detector or theory predictions

* ML for reweighting backgrounds from control regions

1.10 ATLAS Simulation Preliminary + Geant4
¥, 0.20 <Inl <0.25
| x2/ndf = 6.1 (GAN) ¥ GAN

H]H]H]#*#:

Esim/Etruth
=
o
(9]

e Data-driven ML-based density estimation 0.05} 4
0.90¢
Bad signal / background predictions means statistical model is wrong gl
* Need to account for how wrong ML model could be ALLASSINE010:000
* Or could this be covered by estimating systematic uncertainties? -804 10 : 10[OGeV]
truth
visible cell energy [MIPs]
x10~! 101 19'1 190 10! 10?

These are open questions, likely needing some R&D

* Not clear how to perform uncertainty estimation
for ML-based density estimation

4.01

= 3.01

[GeV™

2.0

1do

odmy

1.01

0.0

arXiv:1907.03764

—— True / full spectrum
Breit-Wigner -
Gauss : T8
No MMD o
" i]
A :
L/

5 102
(]

1 . — Geant4
-- GAN
------- WGAN
B —_ — BIB-AE PP

: ' : ' ' - Xiv:2005. 4
160 165 170 175 180 185 158 i arXiv:2005.0533:
my [GGV] 102 101 100 101

visible cell energy [MeV]

N\



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2019-004/
https://arxiv.org/abs/2005.05334
https://arxiv.org/abs/1907.03764

Different Inference Procedure? s

Story will change for different statistical model (rather than histograms)...

What about Matrix Element Methods, or other methods that try to estimate a
per-event likelihood?

Bayesian method often assign priors and consider uncertainty on NN weights

* E.g. Bayesian Neural Network, Variational Inference, ...
* |deas only beginning to be explored in HEP
* Can learn a lot from our Cosmology colleagues who focus on Bayesian Inference

Also open questions for HEP, likely in need of R&D
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Beyond Histograms = Simulation Based Inference (SBI)

Talks:
1) G. Louppe



Simulation Based Inference (SBI)

27

Start with

e asimulatorthat can generate N samples z; ~ p(z;|0;),

e apriormodel p(0),

Data
dimensionality

e observed data Zobs ~ P(Zobs|Otrue)-

Then, estimate the posterior

p(wobs |0)p(0)

A

Learn summary
statistics
Neural
likelihood ratio

Neural posterior

Neural likelihood

Approximate
Bayesian
Computation

“Histograms”

TRADITIONAL METHODS

RECENT DEVELOPMENTS

“Gold mining”

Sequential
methods

>

P(0|Zons) =
(6]Zons) )
Or a likelihood ratio 9]_ &
7”(9) _ p(xobslg)
p(xobsleo)

Slide Credit: G. Louppe

>

Computational cost of
running simulator



Neural Ratio Estimation .

The likelihood-to-evidence 7(z|0) = % = pﬁ:)l;e()e) ratio can be learned, even

8

if neither the likelihood nor the evidence can be evaluated:

Ly 0 ~ p(:c, 0) Simulator \

T, O ~ p(w)p(g) Simulator

5 o
&3O P 7 (z0)
O O
classifier

Slide Credit: G. Louppe



Neural Ratio Estimation 2

The likelihood-to-evidence 7(z|0) = 115?—;3) = pﬁi’f&) ratio can be learned, even

if neither the likelihood nor the evidence can be evaluated:

Parameters 6 > |

@7 3 i
l 7, 0'Q) > O A R
’ Obs‘erq\:/ables‘ E ./;’,’0:“./// \ PR
" T likelihood o
""" ‘ ratio O P
Simulator argmin L[g] —» #(z]0) ——> | {
g . ___."
0;
1. Simulation 2. Machine Learning 3. Inference
- Train NN classifier, interpret as Amortized: cheap
Run simulator and save data o ) ;
likelihood ratio estimator to repeat for new data

Slide Credit: G. Louppe



But proceed with caution! ... model checking, evaluation, and criticism

30

Coverage diagnostic:

e Forz,f ~ p(x,0),computethel — «
credible interval based on p (6|x).

e If the fraction of samples for which @ is

contained within the intervalis larger than the
nominal coverage probability 1 — ¢, then the
approximate posterior p (6|x) has coverage.

Test of statistical coverage
1.0 T T T T

0.8F

0.6 F

Empirical coverage

1 L 1 L

L2
0.0 0.2 0.4 0.6 0.8 1.0

Confidence level

Slide Credit: G. Louppe

SLCP

Weinberg MG1

Lotka Volterra

GW Spatial SIR

Streams

Empirical coverage

NRE NRE ensemble

NPE

NPE ensemble

SNPE

SNL

SNRE

Rej-ABC SMC-ABC

Q\\

7

£

=

N
N\

0 0.5 10 0.5
Confidence level

10

1021 samples
2048 samples
—— 4096 samples

05
—— 8192 samples
—— 16384 samples

10 0.5 10

—— 32768 samples

—— (5536 samples

—— 131072 samples
+ Calibrated estimator
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Data Sets



Datasets for Studying Uncertainties -

Nice discussion on what data sets are available / needed, for a typical cross-section
measurement (measuring a signal which shape is known)

Available:
* Higgs ML: H—>tt—l1h,
— script https://zenodo.org/record/1887847 to create 5 different systematics) :

—realistic but too few events for a precise evaluation of systematic uncertainties
* UCI Higgs H—>tt=ll -

— Large dataset, but less handles to introduce systematics.
* CMS open data for Upcoming analysis using Inferno

— H cross section will make public a script to generate data from CMS open data
— Should be complex enough but is statistics large enough ?

Request from ML experts for a simplified system that maintains key aspects
* Useful to explore system simpler than LHC events and more realistic than gaussian

Figure of merit :
* Total uncertainty (stat and syst), or confidence intervals?


http://zenodo.org/

Summary

33

Large focus on uncertainty modeling both in HEP and in ML
* HEP focus on systematics uncertainties from data / simulation differences
* ML focus on aleatoric / epistemic uncertainty on if we fit the correct model

When do we need these ML uncertainties?
* Will depend on modeling task and inference method
* Dedicated work needed to understand this in HEP

Great deal of work to move beyond histograms and modeling likelihood,
likelihood ratios, and posteriors

* Capture the variations in data

* Can include nuisance parameters for systematic uncertainties

* But they are approximations... Ongoing work on how to validate these models



Backup



Systematic Uncertainties
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Statistical models include:
« Parameters of interest (POls) : S, oxB, m,, ...

* Nuisance parameters (NPs) : other parameters
needed to define the model

— |dedlly, constrained by data like the POI

And systematics ?

Events

Data / Pred.

*: normalised to total Bkg.
1200 T T T T T T T T T T T T T T T T T T

| ATLAS ¢ Data [MtiH

I Vs=13TeV,139fb" -tiH* [t +>1b
1000 Dilepton WtH Ot + >1c 1

[ SR Wt+V O +light ]

- Pre-Fit [[JOther 77 Uncertainty -

0"’0 100 200 300 400 500 600
Higgs boson candidate p_ [GeV]

= Cover what we don’t know about the random process.

= Parameterize using additional NPs

- Can’t be constrained by the data = Add constraints in the likelihood

u,0;data) C(0)

measurement (

L(pn,0;data) = L

A A A
Systemati Measurement NP Constraint
L e'\?;q es Likelihood term

POI

C(0) represents external knowledge about the NP

"'Systematic uncertainty is, in any
statistical inference procedure,
the uncertainty due to the
incomplete knowledge of the
probability distribution of the
observables.

G. Punzi, What is systematics ?
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MAPIE - Conformal Prediction 9

We aim at building a Python library that computes confidence sets with three objectives :

Theoretical
guarantees on
the coverage
probabilities

Algorithmic
transparency
for trustworthy
Al

Model and use

case agnostic

Open-Source
Implementation

Quantile Regression x x \/

Method Theoretical guarantees Model Agnostic

Data Perturbation
(Bootstrap, Jackknife)

X v
Conformal Prediction v v
X X
v/ X

MAP?E

Model Perturbation
(Random seed, MC Dropout) \/
Bayesian inference v/

Quantmetry
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e propagation of errors: one works with a model f(x) and simply characterizes how un-
certainty in the data distribution propagate through the function to the down-stream task
irrespective of how it was trained.

e« domain adaptation: one incorporates knowledge of the distribution for domains (or the
parameterized family of distributions p(z|y,r) ) into the training procedure so that the per-
formance of f(z) for the down-stream task is robust or insensitive to the uncertainty in v.

o parameterized models: instead of learning a single function of the data f(x), one learns
a family of functions f(z;v) that is explicitly parameterized in terms of nuisance parameters
and then accounts for the dependence on the nuisance parameters in the down-stream task.

e data augmentation: one trains a model f(z) in the usual way using training dataset from
multiple domains by sampling from some distribution over v.

Nice new PDG review of ML in HEP, including discussion of uncertainties



https://pdg.lbl.gov/2021/reviews/rpp2021-rev-machine-learning.pdf
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Error Propagation Data Augmentation
p(x[v) p(x[v) f(x)
f X
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Image credit:
K. Cranmer


https://indico.cern.ch/event/1051224/contributions/4534940/attachments/2338808/3986931/PhyStat-systematics-ML-2021.pdf
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Error Propagation

p(x|)

adversarial trainin
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o v
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Domain Adaptation
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Data Augmentation

el f(x
P(x) . Ip(x I V)p(l/)dy fsmeared(x)

Parameterized Classifiers

p(x[v) f(x;v)

Image credit:
K. Cranmer


https://indico.cern.ch/event/1051224/contributions/4534940/attachments/2338808/3986931/PhyStat-systematics-ML-2021.pdf

