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Nuisance Parameter Infrastructure

A Statistical

INFRASTRUCTURE
( ) ' .
ﬁffﬁ Time to re-examine
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underlying pieces
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made by a grad o e
udent 2005 | TOISK OF the precision era?
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Stolen from Daniel Whiteson
Inspired by XKCD


https://xkcd.com/2347/

The four stages of ML adoption

Fear: Will ML exacerbate uncertainties in a way human-designed strategies naturally avoid ?

1

Solution: Find ML equivalents of uncertainty mitigation tricks we implicitly use in classical methods.
Understand good and bad ways to use ML

1

Opportunity: ML for uncertainty — Realising that ML unlocks completely new interpretability tools and
methods to tackle uncertainties in a way classical methods couldn't

..

Revolution: Novel uncertainty quantification & mitigation methods developed for ML have wider
applications, also back-ported to classical (non-ML) algorithms




The four stages of ML adoption

Fear: Will ML exacerbate uncertainties in a way human-designed strategies naturally avoid ?

1

Solution: Find ML equivalents of uncertainty mitigation tricks we implicitly use in classical methods.
Understand good and bad ways to use ML

1

we are  Qpportunity: ML for uncertainty — Realising that ML unlocks completely new interpretability tools and
here methods to tackle uncertainties in a way classical methods couldn't

..

Revolution: Novel uncertainty quantification & mitigation methods developed for ML have wider
applications, also back-ported to classical (non-ML) algorithms




Typical Uncertainties in HEP

Statistical Uncertainty
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Typical Uncertainties in HEP
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Essential terminology

Parameter of Interest (Pol): Parameter we want

-Q. signal strength u that describes the strengt

to measure from data

g

of a physics process we care about

Nuisance Parameter (NP): Parameters we actually don’t want-

nfluence our measurement, so we need to account for their im
-g. Jet energy scale, background normalisation
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Essential terminology

Parameter of Interest (Pol): Parameter we want to measure from data
—g. signal strength u that describes the strength of a physics process we care about

Nuisance Parameter (NP). Parameters we actually don't want to care about, but they
iInfluence our measurement, so we need to account for their impact
-Qg. Jet energy scale, background normalisation

We often make auxiliary measurement of NP and use that as a prer constraint in final fit

Could also do simultaneous fit in signal and control regions

7 = Nulsance Parameter
Prior



Uncertainties discussed in ML: Aleatoric Uncertainty
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Uncertainties discussed in ML: Aleatoric Uncertainty
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Intrinsic randomness leads to a per-event uncertainty
that cannot be reduced by taking more data
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Uncertainties discussed in ML: Epistemic Uncertainty

Could reduce by gathering more data, possibly focused on different parts of parameter space
Eg. Simulations at another value of JES, different particle energies

Image: Source
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Could reduce by gathering more data, possibly focused on different parts of parameter space
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Uncertainties discussed in ML: Epistemic Uncertainty

Could reduce by gathering more data, possibly focused on different parts of parameter space
Eg. Simulations at another value of JES, different particle energies
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High Energy Physics - Experiment

|mage: Source [Submitted on 5 Aug 2022 (v1), last revised 6 Sep 2022 (this version, v3)] ic Uncertainty
Interpretable Uncertainty Quantification in Al for HEP

Image: Source
Thomas Y. Chen, Biprateep Dey, Aishik Ghosh, Michael Kagan, Brian Nord, Nesar Ramachandra

Snowmass 2021: Advocate to build common language between fields
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ML uncertainties are relevant in HEP !



ML uncertainties are relevant in HEP !

Eg. Estimating likelihoods directly with neural networks



OmniFold: Anderson et al. (incl. Nachman)

High-dimensional unfolding with neural networks
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OmniFold: Anderson et al. (incl. Nachman) VLD: Shmakov et al. (incl. Ghosh, Whiteson)

High-dimensional unfolding with neural networks cINNs: Backes et al

Many others: Huetsch et al (incl. Shmakov,
Diefenbacher, Mikuni, Nachman, Whiteson)
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VLD: Shmakov et al. (incl. Ghosh, Whiteson)

High-dimensional unfolding with neural networks cINNs: Backes et al

Many others: Huetsch et al (incl. Shmakov,
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See more in ‘Unfolding’ talk later today by Vinicius Mikuni
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CARL: Cranmer et al

High dimensional hypothesis tests with neural networks

Traditional framework:
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CARL: Cranmer et al
High dimensional hypothesis tests with neural networks

Traditional framework:
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High dimensional hypothesis tests with neural networks
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See more in ‘Neural Simulation-Based Inference’ talk by Andy & Aishik on Day 511


https://hal.science/hal-02971995v3/
https://arxiv.org/abs/

Question to the audience:

What is the danger here?
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How much is your network limited my training statistics?



Estimating the variance on mean: Ideal Scenario

Want to estimate mean of population
Uncertainty on eskimated mean?
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Estimating the variance on mean: Bootstrapping

Wank to estimabte mean of population
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Image: Source
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Propagating statistical uncertainty with bootstrapped samples

* Train an ensemble of networks, each on a bootstrapped

version of the training dataset

* [he spread In their prediction provides the uncertainty due
to limited training statistics, and model uncertainty

e Variations of this core idea used in NS

3|, unfolding, ...

INPUT

Neural Network #1

OO

Neural Network #2

Neural Network #3

17



https://medium.com/@alexppppp/how-to-train-an-ensemble-of-convolutional-neural-networks-for-image-classification-8fc69b087d3
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Bayesian Networks

 Each weight replaced by a distribution of weights

-g. Sampled from learnt {mean, std}

* The distribution in NN prediction for each event gives you
an uncertainty estimate

* Open guestion: How to interpret this uncertainty? What is
the coverage”

Calibrate the uncertainties arxiv:2408.00838: Bringer et al
(incl. Diefenbacher)

... more work needed here before if they are to
become standard tools In frequentist frameworks

Bayesian Neural Network

18
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Crystals in a
supermgdule

End-cab crystals

Insights from Theo Heimel, Peter Loch, Tilman Plehn, Jad M. Sardain, Philip Velie and Lorenz Vogel

An exciting use case: Interpretability
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Insights from Theo Heimel, Peter Loch, Tilman Plehn, Jad M. Sardain, Philip Velie and Lorenz Vogel

An exciting use case: Interpretability
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Similar story with neural likelihood ratio estimators

~ Which events favour my hypothesis ?

AvgLR |
(Hl VS Hz)

A new Interpretabllity tool that let’'s you study the 1
contribution of each event on your final measurement

A slew of new sanity checks become possible

Particle mass

20



Where ML model uncertainties are not essential...



Unlabelled data from LHC

Traditional analysis at LHC

Compare to find New Physics

Stand 1dodel of El y Particles dard Model of El y Particles

Model of particle physics

22



High dimensional data

Detector has ~100 million sensors

ATLAS

EXPERIMENT

Run: 279685

— Combine information into 1 powerful
summary variable 2015-09-15 02:47:06 CEST

Look at histogram of this variable

23
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Build this ‘sensitive summary variable’ with ML
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https://arxiv.org/abs/1501.04943

Build this ‘sensitive summary variable’ with ML

Typical use of ML at LHC -
» Classifier for Signal vs Background
* Qutput observable is maximally sensitive to measure theory parameter = New Physics
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https://arxiv.org/abs/1501.04943

Simulation using Standard
Model of particle physics

Sundan'dodel of Elementary Particles
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Simulate using best guess: Z=1

Train ML models on simulation, apply on data

Known unknowns

Unlabelled data from LHC

Detector state Z = ? In data

Known sources of differences between simulation and data... will systematically bias our measurements



Observable Sensitive to Nuisance Parameters

Traditionally, we reduce impact of NP by sacrificing something:

e Don’t use observable

 Don't use phase space which is badly modelled by simulation

 Reduce sensitivity some other way

Infinite bin analysis, very sensitive to shape uncertainty Single bin analysis, insensitive to shape uncertainty

Background uncertain shape

Signal shape



ML equivalent problem: Domain Adaptation

MNIST

SOURCE

TARGET 'l
MNIST-M


https://arxiv.org/abs/1505.07818

Adversarial decorrelation

Regress NP

Adversary r

SvsB
Classifier f
NN
% k output
f(X;504)
0 ¢ Lr(Of)

L earning to Pivot, L ouppe et al.

v1(f(X;05);0)

v2 (f(X;0f);0)
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Learning to Pivot, Louppe et al.

Similar ideas: Blance et al., Stevens et
al., Wunsch at al.,

Estrade at al.

Kasieczka at al.
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Learning to Pivot, Louppe et al.

Similar ideas: Blance et al., Stevens et
al., Wunsch at al.,

Adversarial decorrelation strade at al

Kasieczka at al.
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f(X)

0.2 1.0

Classifier output for various

values of Z

Again, we trade-off sensitivity to have a more robust analysis

Similar ideas: Blance et al., Stevens et
al., Wunsch at al.,

Estrade at al.

Kasieczka at al.
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Alternatively.. Can we exploit all the information we have ?
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Alternatively.. Can we exploit all the information we have ?

Z = Nuisance Parameter
Prior
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Alternatively

.. Can we exploit all the information we have ?

Observable 2

Z = Nuisance Parameter
Prior

1 0 1

Observable 1
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Alternatively..

Can we exploit all the information we have ?
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Alternatively..

Can we exploit all the information we have ?

Observable 2
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson
Also discussed in CARL: Cranmer et al

Opposite of decorrelation: Uncertainty-aware learning

* Propagate uncertainties through the classifier in an “uncertainty aware” way

) 1, 2, [ ] [ ] [ ] ,
X, “ Data

Repeat for each hypothesis 7 .
P yP with Z =7

Similar to 1601.07913
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson
Also discussed in CARL: Cranmer et al

Opposite of decorrelation: Uncertainty-aware learning

* Propagate uncertainties through the classifier in an “uncertainty aware” way

X -
X, “ Data

Repeat for each hypothesis 7 .
P yP with Z =7

Similar to 1601.07913

* [ntuition: Allow the analysis technigue to vary with Z
You always get the best classitier for each value of Z

* Protile Z + incorporate prior

31
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Nominal and Systematic Up Examples

Baseline Classifier ncertainty-Aware Classifier

Feature 2

Nominal “Data”

| « Signal

) AUC=0.978 AUC=0.978

Optimal

Feature 2

Optimal

-2 0 2 4 —4 —2 0 2 4

Feature 1 Feature 1

SystUp “Data”
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Nominal and Systematic Up Examples
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Nominal and Systematic Up Examples

Baseline Classifier

ncertainty-Aware Classitier
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Syst-Aware Classifier is able to rotate its decision function based on Z while the Baseline Classifier decision function remains frozen 32
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We don’t know Z in collision data, what value do we use ?



PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Scan the 2D Likelihood space in Z vs u

Template Baseline Classifier Score Histograms for various Z
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Scan the 2D Likelihood space in Z vs u

PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Template Baseline Classifier Score Histograms for various Z
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Scan the 2D Likelihood space in Z vs u

Template Baseline Classifier Score Histograms for various Z
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Scan the 2D Likelihood space in Z vs u

Template Baseline Classifier Score Histograms for various Z Minimum
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Scan the 2D Likelihood space in Z vs u

Template Baseline Classifier Score Histograms for various Z
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PRD.104.056026: Aishik Ghosh, Benjamin Nachman, and Daniel Whiteson

Better final measurements!

—Uncertainty Aware Data Augmentation

nuisance parameter but no need to train on all 100 NPs

—Baseline —Adversarial
10
—~ 8- Narrower is better Narrower = Smaller [statistical + systematic] uncertainty on
]
= measurement
€ o
% 4 - Practical for LHC analysis: Parameterise your main
—
]
=

050 0.75 1.00 1.25 1.50 1.75

u
Signal Strength
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A simple idea, that we exported to astrophysics !



Application in Astrophysics: Full propagation of uncertainties

Photons / s
Pressure

Energy Radius - lEnefgy Density

I ~

Spectra + NP to (M,R) Regression Wy'

Spectra + NP to EOS Regression

JCAP.020P.0922: Delaney Farrell, Pierre Baldi, Jordan Ott, Aishik Ghosh, Andrew W. Steiner, Atharva Kavitkar, Lee Lindblom, Daniel Whiteson, Fridolin Weber
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Application in Astrophysics: Full propagation of uncertainties

Photons / s
Pressure

Energy Radius - lEnefgy Density

Spectra + NP to (M,R) Regression Wy'

N PS Spectra + NP to EOS Regression

JCAP.020P.0922: Delaney Farrell, Pierre Baldi, Jordan Ott, Aishik Ghosh, Andrew W. Steiner, Atharva Kavitkar, Lee Lindblom, Daniel Whiteson, Fridolin Weber
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SOTA made a single point estimate + assumed uncorrelated Gaussian uncertainties

Real uncertainties look quite different

NPS

Application in Astrophysics: Full propagation of uncertainties
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JCAP.020P.0922: Delaney Farrell, Pierre Baldi, Jordan Ott, Aishik Ghosh, Andrew W. Steiner, Atharva Kavitkar, Lee Lindblom, Daniel Whiteson, Fridolin Weber
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Unnamed participant at ML4FP:

"Okay all these ML solutions are cool but ...

have Yyou tried the obvious?”
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Inference-aware methods

Add skruckure
SR

Physics Informed NN

Add differentiability

Figure inspiration: Lukas Heinrich
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Inference-aware methods

Physics Informed NN

Add skruckure
SR

Add differentiability

Figure inspiration: Lukas Heinrich

See more in ‘Differentiable Programming’ talk later today by Sean Gasiorowski
39



Inference-aware methods

3 <

Simpson et al. Following Inferno [de Castro et al.]

_—
— =
— —
— — \-

update ¢ with 2SLs - ——" backward pass = CLs

O —

/ﬁl -\ ¢ A/\ 4 J\ . /P( .
ﬁl ﬁl — > — > pu(T|p, 0) — qu(ﬂf) 9/\ -
}

- N 7,
\{,  bup, i ) N\ fg,(c@ \h — hist( fgo(df,;))/ hrpothesis
data (d;) neural network  binned summary stat. test

Figure 1. The pipeline for neos. The dashed line indicating the backward pass involves
updating the weights ¢ of the neural network via gradient descent.
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Simpson et al.

update ¢ with

-

B
J

~

5
ﬁl}

\{ , Dy bup, y
data (d;)
Figure 1.

Inference-aware methods

3 <

Following Inferno [de Castro et al. |

_—
— =
— —
— — — —

OCLy =T backward pass = CLs
0 A/’ — ¢
e N )
4 I\
du (xobs)
0 N\
. —>ph(z|p, 0) > qu(z) —

- N 7,
\_ fgp(d@ \hz = hist(/. (dz))/ hypothesis

neural network  binned summary stat. test

The pipeline for neos. The dashed line indicating the backward pass involves

updating the weights ¢ of the neural network via gradient descent.

2

lequires ‘relaxation tricks’ to pass gradients through non-differentiable operations
40
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—2Alog(L)

Applied to CMS open data

arXiv:2301.10358: Layer et al

1.1
—— BCE 5
vlo ..... L — L — L — L — L — I N -
—— INFERNO | S
0.9 -
1_
9 O_ ..... L — L L — L — L — I T
©
_1-
1.0
+ ® BCE
__ 0.5{ e INFERNO
m ]
3 OO_ ....... ‘ ..................... N — '. .............................................. .‘ .....
< _o5{ ° =2 oo
—1.0 .
S e( 2 °) ‘e‘ S
N2 \ @ NG XD s 2
»d\g “\Q

Improvement over traditional analysis in mitigating effects of systematics
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But be careful about theory ‘nuisance parameters’ ..



What are theory uncertainties 7

Theory uncertainties often describe our lack of understanding /
ability to calculate

No statistical origin for them (such as auxiliary measurement) Estimated Uncertainty

------
““
.®
*
.
.
.
.
.
.
o*
.
o*
.

Next year’s
generator
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What are theory uncertainties 7

Theory uncertainties often describe our lack of understanding /
ability to calculate

No statistical origin for them (such as auxiliary measurement) Estimated Uncertainty

------
““
.®
*
.
.
.
.
.
.
o*
.
o*
.

-g. Hadronisation:
* Few different packages to simulate it

e None are correct!
Next year’s

e Use difference in performance of your data analysis generator
algorithm on Pythia simulator vs Herwig simulator ad-noc
estimate of uncertainty

43



Remember ML decorrelation ?

Learning to Pivot, Louppe et al.

Similar ideas: Blance et al., Stevens et
al., Wunsch at al.,

Adversarial decorrelation Estadeatal

Kasieczka at al.

SvsB Regress NP

Classifier f Adversary r z
NN
k Ou’[pu’[ / \; v1(f(X;05);0r)
e F(X;505) { R0 | |
\, e To fool the adversary, classifier output
7 | \ % N i should be decorrelated to Z
T : T i po, (Zf(X;0¢))
0; L(6y) 0. L. (0f,6,)

Similar ideas: Blance et al., Stevens et
al., Wunsch at al.,

Learning to Pivot, Louppe et al. ML-Decorrelation Methods Estrade at .

Kasieczka at al.
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ML-decorrelating theory uncertainties

'EPJC:s10052.022.10012.w: Aishik Ghosh, Benjamin Nachman -

Default What you want with decorrelation

Estimated Uncertainty Estimated Uncertainty
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Sherpa Next year’s
generator
Next year’s
generator

Instruction to ML: “Please shrink Pythia vs Herwig difference”
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ML-decorrelating theory uncertainties

'EPJC:s10052.022.10012.w: Aishik Ghosh, Benjamin Nachman -

Default What you want with decorrelation What you get with decorrelation

Estimated Uncertainty

Estimated Uncertainty Estimated Uncertainty

.
wn®
wst®
.
.
R
*
.
.
.
o*
.
o
.

LA an
-------
----
““““
.* .
.
. .
(% *
* .
. .
. .
S .
. +*
0" ¢
*

:.;..f”N‘ature
Nature : ®
o Pythia @, / Sherpa
® Y@ Sherpa v |
Herwig
Sherpa Next year’s
generator Next year’s
Next year’s generator
generator
Instruction to ML: “Please shrink Pythia vs Herwig difference” Model will learn to fool you !

ML methods don't often generalise the way you would hope o


https://link.springer.com/article/10.1140/epjc/s10052-022-10012-w

Goodhart’s Law

When a measure becomes a target, it ceases to be
a £0od measure

=> Dangerous to optimise proxy metrics of
uncertainty



Performance Metrics for Generative Models



Generative Models for Simulation

ATLAS Collaboration [A. Ghosh], 2019 Paganini et al.
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https://arxiv.org/abs/1712.10321

Evaluating Fast Calo Simulators
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PHD IN PLOT EVALUATION



How can we automise the evaluation ?

Need measures of distance — Several options thrown around in recent years

P(x| Geant)
P(x| Gen)

Likelihood Ratio

.

Wasserstein Distance Fréchet Distance




A large comparison of metrics

Kansal et al, 2022

On the Evaluation of (Generative Models in High Energy Physics

Truth Shift u, by 1 o Shift u, by 0.1 o Zero covariance

Raghav Kansal ®,* Anni Li®, and Javier Duarte 2 2 2 2 0.24
University of California San Diego, La Jolla, CA 92093, USA

> 0 >~ 0 - 0 - 0.21
Nadezda Chernyavskaya ®, Maurizio Pierini y 1 4
. -1 N -1 — —11 ——— —11 —
Furopean Center for Nuclear Research (CERN), 1211 Geneva 23, Switzerland 0.18
—2 -2 —2 —2
. . . 0.15
Breno Orzari®, Thiago Tomei IR 0 2 IR 0 5 R 0 2 R 6 2 2
Universidade FEstadual Paulista, Sao Paulo/SP, CEP 01049-010, Brazil ” " ’ ” E
Multiply (co)variances by 10 Divide (co)variances by 10 Mixture of Two Gaussians 1 Mixture of Two Gaussians 2 0.12 2
(Dated: November 21, 2022) —
2 2 2] -0.09
1 11 1] \
> 0] O -~ 0 - ol 10.06
-1 -1 -1 \
+0.03
-2 —2/ —2/
IR 0 2 IR 0 2 I 0 2 000
X X X X

Detailled comparison on Gaussian toys where you have full control

Application on jet dataset with hand designed distortions


https://arxiv.org/abs/2211.10295

Gaussian Study

0.30 Wasserstein Distance 5> 0X107* FGD. 0.3 MMD
0.25- 1.5 0.2]
0.201 | 1.0 0.1
0.15| | 05 - 0.0 1 A e ]
0.10] ' 0.0] ¢ —01 I °
0.05- 0.5/ —0.21 !
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Metric Truth : 010 oA AICe (co)variances (co)variances WO WO
g ' by 10 by 10 Gaussians 1  Gaussians 2
Wasserstein | 0.016 &=0.004 1.14 £0.02 0.043 4+ 0.008 0.077 £ 0.006 9.8 £0.1 0.974+0.01 0.036 +0.003 0.191 £ 0.005
FGDo x10°| 0.08 +0.03 1011 +£1 11.0+0.1 32.3+0.2 9400 4 8 935.1 0.7 0.07£0.03 0.03 £ 0.03
MMD 0.01 £0.02 16.4 4+ 0.9 0.07 £ 0.04 0.40 £ 0.08 19k £+ 1k 4.31+0.1 0.06 £ 0.02 0.35 £ 0.03
0.9976 +
Precision 0.9724+0.005 0.91+£0.01 0.976 £0.004 0.969 4+ 0.006 0.34 £0.01 1.0+ 0.0 0.975 4+ 0.003 0.0007
0.9976 + 0.9970 +
Recall 0.997 4 0.001 0.992 £0.003 0.997 = 0.001 0.998 = 0.001 0.58 =0.02 0.996 £ 0.001
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« FGD_,, MMD unbiased
* W too expensive for large N

FGD_, most promising
(with caveats)



Physics study with jets

Particle Particle Particle Particle
Metric Smeared Shifted Removing tail  features

smeared smeared smeared shifted
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0.02 = 0.01
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Classifier LLF AUC
Classifier HLF AUC

0.97
0.84

" Kansaletal 2022

« FGD_ on EFPs does quite well

IN these test

e \Would be In

S

used and stress tested !

eresting to see it


https://arxiv.org/abs/2211.10295

Coverage tests for generative models in cosmology

TRUE VALUE
These are HPD credible regions

68% 95%

TARP: General purpose diagnostic!
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Interpretabillity



Mapping machine-learned physics into a human-readable space

\
|
|
|
|
|
4
|
|
|
|
|
|

Rank|EFP r 3 Chrom #|ADO[EFP, CNN]x, AUC[EFP][ADO[6HL + EFP,CNN|x,, AUC[GHL + EFP]

1 |er 2 L3 0.6207 0.8031 0.9714 0.9528 + 0.0003
. . 2 2 1 .62 0.8203 0.9714 0.9524
Signal/Background Pairs Black-Box % 2 3 06205
Guided 3+ 0 - 1 0.6205 0.6737 0.9715 0.9525
uige
4 | 2L 3 0.6199 0.8301 0.9715 0.9527
Search 5 [« 21 3 0.6197 0.8290 0.9714 0.9527
6 % 2 3 3 0.6196 0.8251 0.9715 0.9522
N 7701 2 0.6187 0.7511 0.9715 0.9526
O 8§ | 2Lt 3 0.6184 0.8257 0.9712 0.9527
Same Maximize 9 |«» 21 3 0.6182 0.8090 0.9714 0.9527
Decision B Decision 10 |9 24 3 0.6180 0.8314 0.9714 0.9526
Ordering? Orderin
9 . . ‘ 9 60 | 01 2 0.6163 0.7194 0.9715 0.9525
L] ° 1
@ sa1 |[€0» 11 4 0.6142 0.6286 0.9714 0.9509
o) .
0 . 580 | 0 2 2 0.6109 0.7579 0.9714 0.9523
HLN > o)
o) 0O 3106 + —1- 1 0.5891 0.5882 0.9714 0.9510
H 1
o) : O HLN
YeS : o 3519 % 5 3 2 0.5664 0.7698 0.9715 0.9524
errrerrsereres >» |O .
3521 + 1 - 1 0.5663 0.7093 0.9714 0.9522
5531 |p 1 2 1 0.5290 0.7454 0.9714 0.9507
1
5554 1 4 2 0.5279 0.8210 0.9713 0.9505
510 « 2 - 1 0.5245 0.7117 0.9714 0.9507
5657+ 1 1 3 0.5224 0.8257 0.9712 0.9506
5793 101 2 0.5191 0.8640 0.9714 0.9505
6052 > 1 2 3 0.5153 0.8500 0.9716 0.9504
T38| 12 2 0.5011 0.8835 0.9716 0.9506

Energy tflow polynomials:

A complete basis to describe jet substructure
Faucett et al. arXiv:1712.07124: Komiske et al



https://arxiv.org/pdf/2010.11998.pdf
https://arxiv.org/abs/1712.07124
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Signif

We ta

Conclusion

icant progress in uncertainty quantification, propagation, mitigation in recent years
 EXpect to see methods adopted Iin the bigger experiments In coming years

Research in UQ often motivated my needs in science

ked about;

Propagating statistical uncertainties

-Xperimental systematic uncertainties

Caution to be taken for theory uncertainties

Interpretability

Coverage tests and performance evaluation of generative models

It these questions matter to you, come chat with me!
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Thank you !


https://twitter.com/Aishik_Ghosh_
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Real Physics Dataset with Tau Energy Scale (TES) as Z
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Test performance for “observed” data at Z below Nominal

- Tralned on true Z —Adversarial

—Uncertainty Aware Data Augmentation

—Baseline
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Ul
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=
N
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Narrower Is better . L . . .
Uncertainty-Aware coincides with classifier trained on

true Z
= |t Is optimal!
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lUp S bétter
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----Baseline
—Uncertainty Aware

2.00

1.75 A

1.50 A

NLL - min(NLL)
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Test performance for “observed” data at nominal and above nominal Z
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Data Augmentation
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coincide

In every case the Aware Classifier is as good as the optimal one, no other technique

matches its performance everywhere
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ldea fascinating also to ML researchers !
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* Interesting applications outside of physics
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ldea fascinating also to ML researchers !

ML researchers assume I1.1.0
* This technique exploits correlations between samples — a different paradigm

* Interesting applications outside of physics

arxiv:2007/.02931
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https://arxiv.org/pdf/2007.02931.pdf

ldea fascinating also to ML researchers !

ML researchers assume I1.1.0
* This technique exploits correlations between samples — a different paradigm

* Interesting applications outside of physics
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ML researchers assume I1.1.0
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Learn forward process to access the likelihood
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Forward process step-by-step

g . ——— < 3 S ——— < @ = s < N Y Soronr T a6 S~ o= < G S~ s < @ = s < Y Goron T @ = s < ar S~ N Sooar T @ = Y a2l B " = v ~ g s < ar S~ Y o g s < Y s B a6 = s < a6 S~ s < Y ~ @ S~

Intermediate steps remain interpretable physical quantities

Paper in preparation
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Forward process step-by-step

Intermediate steps remain interpretable physical quantities
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Forward process step-by-step

Intermediate steps remain interpretable physical quantities
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Forward process step-by-step

Nuisance M-R likelihoods:
Priors:

Intermediate steps remain interpretable physical quantities
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Uncertainties for active learning

GP estimate of the function
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https://cds.cern.ch/record/2702355/plots

Scale Uncertainties

Uncertainty of cross-section from truncating QFT series

Sensitivity to scale variation quantifies ‘uncertainty’

6/



Scale Uncertainties

Uncertainty of cross-section from truncating QFT series

Uy = ﬂ — l Z \/mz +p2
0T T e ! Sensitivity to scale variation quantifies ‘uncertainty’
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Case Study 2: Continuous uncertainty - Result

ROC curve (higher is better)
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Case Study 2: Continuous uncertainty - Result

ROC curve (higher is better)
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Case Study 2: Continuous uncertainty - Result

ROC curve (higher is better)
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Case Study 1: Two-point uncertainty - Result

QCD Rejection
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Case Study 1: Two-point uncertainty - Result

Adversary successfully sacrifices separation
power in order to reduce difference in
performance between Herwig and Pythia

Cross-check with Sherpa reveals uncertainty
severely underestimated by usual Herwig vs
Pythia comparison

n an typical LHC analysis, a cross-check with
third generator rarely pertormed, similar to prior
work suggesting decorrelation tfor theory
uncertainties

uncert.
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Case Study 1: Two-point uncertainty - Result

ROC cirve (higher is better)
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Overconstraining NP

Our modelling of NPs might be over-simplified

e [f you assume one NP — chances are that your physics Likelihood
will exploit this oversimplified JES model
to overconstrain JES for high py jets!

- -
O -uC:) 59/
4(5 (E o 0 0 50/0
Q 5% 9 | 5% q 5%
9 cé; JES4
= a
GEJ Ojes @ JES3
5 S |
% .e. JES miscalibration is coherent for all jets 2
CES = You can calibrate high pr jets with a low pr jet sample @ .e. JES miscalibration is not coherent across p
O O .C. T
N 0 but still has 5% uncertainty for each p; bin
B D
9 =
Jet py Jet pr
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https://indico.nikhef.nl/event/1399/contributions/1907/attachments/828/998/nikhef_stats2018_lectures_day3.pdf

S0.. we can’t use ML to reduce theory uncertainties in our measurements 7



S0.. we can’t use ML to reduce theory uncertainties in our measurements 7

Attack the source of the problem !



Similar effort: arXiv:2203.04983: llten et al.

Could we learn hadronization directly from Nature ?

PPRD.106.096020: Aishik Ghosh, Xiangyang Ju, Benjamin Nachman, and Andrzej Siodmok
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.106.096020
https://arxiv.org/abs/2203.04983

Similar effort: arXiv:2203.04983: llten et al.

Could we learn hadronization directly from Nature ?

~ PRD.106.096020: Aishik Ghosh, Xiangyang Ju, Benjamin Nachman, and Andrzej Siodmok

» Bypass theory, learn hadronization directly from data 7 heust major, M

Ndo/dM

* Proofs of concept on Herwig and Pythia simulations
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Similar effort: arXiv:2203.04983: llten et al.

Could we learn hadronization directly from Nature ?

~ PRD.106.096020: Aishik Ghosh, Xiangyang Ju, Benjamin Nachman, and Andrzej Siodmok

 Bypass theory, learn hadronization directly from data ? hrust majon, M

= 2 T R R R B B
* Proofs of concept on Herwig and Pythia simulations 2 ﬁ%ﬁ_&b@% |
§_|_ —+— Data —?—_+_ g
- :_$ i E;HADML | :*:|:F _;
1 T
o I R I E
: g QT[T RERS E
 TJo train on data, we need unfolded events <-—> data from . 13 ¢ =
, . S 1.1 = — | =
experiments after removing detector eftects S of mﬁim* +$+#++
0.7 E
0.6 =

O.SOI - I0!1I - I0!2I - IO!3I - I0!4.I - IO!SI - O|6

 Need unbinned unfolding of all observables simultaneously

<
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.106.096020
https://arxiv.org/abs/2203.04983

What about scale variation uncertainties ?



Let’s try to understand scale variation uncertainties

AL STatistical
INFRASTRUCTURE

A

s R

Approximation
made by a grad
student in 2003

e

From Daniel Whiteson

lt's dangerous to use ML methods to mitigate theory uncertainties

But we continue to treat A
statistical fits

theory @Nd A, on same footing in

What even is their statistical behaviour?
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Questions

e How accurate are these scale uncertainties ?

e |s 1/2 t0 2 a good range ?

Study pull distribution

/ __ONLO T %10
scale AGLO scale



Questions

e How accurate are these scale uncertainties ?

° |S ‘]/2 to 2 a gOOd range ) The automated computation of tree-level and

next-to-leading order differential cross sections, and
their matching to parton shower simulations

J. Alwall?, R. Frederix?, S. Frixione?, V. Hirschi¢, F. Maltoni¢, 0. Mattelaer?,
H.-S. Shao¢, T. Stelzer/, P. Torrielli¢, M. Zaro™

Process Syntax Cross section (pb)

Vector boson +jets LO 13 TeV NLO 13 TeV
al pp—oW* p p > wpm 1.375 £ 0.002 - 10° f;g;g‘g fﬁ;g‘%g 1.773 £ 0.007 - 10° i;j‘% fi;g‘%g
4 - . . 4 +19.7% +1.4% . 4 +5.9% +1.3%
) ] ) a.2 pp—)Wi]” PP>wpnj 2.045 + 0.001 103 e Dy 2.843 4 0.010 103 "o Tiio
Study pu " d Istrl butlon a3 pp— Wjj PP>wpmjj 680540015100 AT 778640030 -10° Tk *03
ad pp—oWEjjj pp>wpmjjj 1.8214+0.002- 108 F3-0% +05% 2005+ 0.008 -10% F99% +0.5%
ab pp—Z PP >z 4.248 4+ 0.005 - 10* f}gjg‘%ﬁ tﬁ;;g‘%;; 5.410 4 0.022 - 10* jg;g‘%) fi;g‘%’g
. . : +19.3% +1.2% : +5.8% +1.2%
Vol — O a6 pp—Zj PP>zj 7.209 £ 0.005 -10f3 “170% —1.0% 9.742 £ 0.035 -10t3 “78% 10%
NLO LO a7l pp—Zjj PP>2Zj ] 2.348+0.006 - 10° 3055 FOE%  2.665+0.010 -10° FEER F07
tsca le — a8 pp—Zjjj PP>2z3 j ] 6.314 4 0.008 - 102 +70-5% +0-5% 6,996 +0.028 - 102 F1-1% +0-5%
. . 4 +31.2% +1.7% 4  +24.5% +1.4%
AGLO l a.9 pp—J pPp>aj 1.964 + 0.001 -10' ~26.0% —1.8% 5.218 £0.025 - 10 —21.4% —1.6%
Scale a.10  pp—jj Pp>aij ] 7.815+0.008 - 103 328% +0.9% 1004 40.004 - 10 *+3.9% +08%

+127 more pp processes from 1405.0301!

(Not a random sampling)

Alwall et al.



https://link.springer.com/article/10.1007/JHEP07(2014)079

Plot the pulls

Onro — OLo

~
|

scale AGLO scale



Which of these distributions do you expect?

A




Processes

arxXiv:2210.15167: Aishik Ghosh, Benjamin Nachman, Tilman Plehn, Lily Shire, Tim M.P. Tait, and Daniel Whiteson

Pull distribution
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https://arxiv.org/abs/2210.15167

Processes

arxXiv:2210.15167: Aishik Ghosh, Benjamin Nachman, Tilman Plehn, Lily Shire, Tim M.P. Tait, and Daniel Whiteson

Pull distribution
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https://arxiv.org/abs/2210.15167

What processes populate the tail ?

Process Mpart Ac/o, o=t
p p > wpm 1 1.54x107"  1.84
pp > wpm j 2 197x107" 196
PP >vwpm j ] 3 245x107"  0.59
PP >wpmj jj 4 410x107"  0.25
pp >z 1 146x107"  1.87
PP>2Zj 2 193x107'  1.82
PP>2Z3J ] 3 243x107'  0.56
PP>2 33 ] 4 4.08x107"  0.27
pPPp>alj 2 3.12x107'  5.33
PP>aijj 3 3.28x107'

PP > wt w- wpm 3 1.00x 1073}

PP >z Wt u- 3 8.00x107%}

PP > 2z 2z wpnm 3 1.00x 1072}
PpP>z2zz 3 1.00x107%%

PP > awtw- 3 1.90x107%}

PP >aa wpnm 3 4.40x107%}

PP >az wpn 3 1.00 x 107°£1244.49
pp>azz 3 2.00x 1072



QCD processes follow (an expected) pattern

yAN) AC
Process — n

O nog
pp>3j +2.49x 107! —1.88x107!| 2 +1.24x107! —9.40 x 1072
pp>bb +2.52x1071 —1.89x107!| 2 +1.26x 107! —9.45 x 1072
pp>tt +290x 1071 —2.11x107!| 2 +1.45x10' —1.06 x 107!
PP>3 g +4.38 x 107! —2.84x107'| 3 +1.46x 107" —9.47 x 102
pp>bb j +4.41x 107! —2.85x107'| 3 +1.47x107! —9.50 x 102
PP>tt j +4.51x 107! —2.90x107'| 3 +1.50x 107! —9.67 x 102
pp>bbjj [+618x10!1 —356x107!| 4 +1.54x10"! —8.90 x 1072
pPp>bbbb |[+617x10! —3.56x1071| 4 +1.54x10"! —8.90 x 1072
pp>ttjj|+6.14x10! —3.56x1071| 4 +1.53x107! —8.90 x 1072
pp>tttt |+638x101 —3.65%x107! 4 +1.60x107! —9.12x 1072
pPp>ttbb [+621x10!1 —357x107!| 4 +1.55x107! —8.93 x 1072
average +1.47 x 107" —9.34 x 1072

Table 1: Scale dependence for LHC processes with only QCD particles in the final
state. For each process, we report the relative scale uncertainty, the number of final

state particles, and the per-particle relative scale uncertainty.

— Tilman Plehn’s ‘reference process’ method

AO—I‘Ef _

Ny

n X

AC

nO'O

e



Make correction in UQ for EW processes

14 - ——- Gaussian u=0.56 g=0.30 Much reduced talls

12 A

-
-
I

Processes

—0.5 0.0 0.5 1.0 1.5 2.0 2.5
Lref Overflow bin

Tilman Plehn’s ‘reference process’ method



Make correction in UQ for EW processes

14 - - —- Gaussian p=0.56 0=0.30 Much reduced talls
12 -
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O
0N g - | 1 Scale
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O 17.5 -
A 6-
15.0 -
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O - | 5.0 -
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Tilman Plehn’s ‘reference process’ method



Surviving tails

ONLO—Y0

ONLO—C0
Process Mpart Ao /oy A0t/ 0 A ref

Ao

PP >h 1 3.48x10°" 3.02|1.47 x 1071 7.15

Large corrections loop-induced 2->1 process



Leaves us wanting more ...

* Would be even more interesting to repeat study for NLO — NNLO, differential distributions

 Can we use ML to automatically find patterns of failure

e Application in experiment: A new method for cross-checking sensitivity of advance ML
methods to scale uncertainties
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https://arxiv.org/pdf/1703.03507.pdf
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https://arxiv.org/abs/2302.05390

Inference-aware methods

Auto-differentiation builds shadow functions

y = X1#x2 + sin(x1)

def exp(x1,x2): shadow_exp(point,diff):
: X14x2 x1,x2 = point
b = sin(x1) dx1, dx2 = diff
da = x1 * dx2 + x2

y a+b db = cos(x1) dx1

y dy = da + db
dy

("Value for (x1,x2)=(1,2): ", exp(1,2))
("Differentiation w.r.t. x1 at (x1,x2)=(1,2): ", shadow_exp((1,2),(1,0)))
("Differentiation w.r.t. x2 at (x1,x2)=(1,2): ",shadow_exp((1,2),(0,1)))

Value for (x1,x2)=(1,2): 2.8414709848078967
Differentiation w.r.t. x1 at (x1,x2)=(1,2): 2.5403023058681398
Differentiation w.r.t. x2 at (x1,x2)=(1,2): 1.0
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Inference-aware methods

Auto-ditferentiation builds shadow tfunctions BorE axnlnp eastinn

from jax import grad, jit, vmap
from jax import random

y = X1#x2 + sin(x1)

def exp(x1,x2): def shadow_exp(point,diff):
a = x1+x2 x1,x2 = point def sum_logistic(x):

b = sin(x1) by Gl o e return jnp.sum(1.0 / (1.0 + jnp.exp(-x)))
da = x1 * dx2 + x2 * dx1

y a+b db = cos(x1) dx1

x_small = jnp.arange(3.)
4 Iy dad ab derivative_fn = grad(sum_logistic)
4 print(derivative_fn(x_small))

("Value for (x1,x2)=(1,2): ", exp(1,2))
("Differentiation w.r.t. x1 at (x1,x2)=(1,2): ", shadow_exp((1,2),(1,0)

))
("Differentiation w.r.t. x2 at (x1,x2)=(1,2): ",shadow_exp((1,2),(0,1)))

[0.25 0.19661194 0.10499357]

Value for (x1,x2)=(1,2): 2.8414709848078967

Differentiation w.r.t. x1 at (x1,x2)=(1,2): 2.5403023058681398 \ \

Differentiation w.r.t. x2 at (x1,x2)=(1,2): 1.0 A““
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Black-box => maximally physics informed

* (Cannot expect extrapolation

Output * |nterpretability

Input Black Box

* [oss function is some ML objective rather than
your physics objective




Black-box => maximally physics informed

* (Cannot expect extrapolation

Output * |nterpretability

Input Black Box

* [oss function is some ML objective rather than
your physics objective

Some arbitrarily flexible mathematical function



Tricks to make everything easily differentiable

e Histogram -> Kernel Density Estimation * Implicit differentiation to avoid unnecessary

radient propagation
» Straight-through gradients J propag

o
NN surrogates
"1 standard hist kernels
KDE bKDE
| data

A

bandwidth > bin width

Simpson et al.

33


https://arxiv.org/abs/2203.05570

Next generation of detector design ...

Toward the End-to-.

nd Optimization

of Particle Physics Instruments
with Differentiable Programming:

a White

White

Paper

Paper
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https://arxiv.org/abs/2203.13818

Simulation
of physics
processes

Pa rtide- Detector
level truth @ simulation

Next generation of detector design ...

Generation

Validation

Pattern

DEteCtO I recognition
model
response

Toward the End-to-.

a White

White

nd Optimization

of Particle Physics Instruments
with Differentiable Programming:

Paper

Paper

Differentiable Analysis
reconstructed model
signals
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https://arxiv.org/abs/2203.13818

ML tools powering new generation of histfactory

— CLs

—_—— CLs.exp

B +10Clgexp
+20 CLs, exp
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