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INntroduction

Many Terminologies Around Uncertainty ;
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Distribution
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Goal of today’s lecture: understand the different concepts and link them together

Slide from M. Kagan Sofia Vallecorsa, llaria Luise CERN - sofia.vallecorsa@cern.ch | ilaria.luise@cern.ch


mailto:ilaria.luise@cern.ch

Introduction: Why systematics are important?

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

g § ATLAS VH, H—bb, V—leptons cross-sections: §
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Systematic uncertainties in H




How does a fit (usually) work in H

-P

)

Events /

Events /

10°

102

1

10*

102

ATLAS Internal +5;taH bE (et 00
- {s=13TeV, 139 fo’' B VH, (1=1.00) 5
— ) [ Diboson -
_ 2leptons, = 3 jets, 2 b-tags B Z+jets 7]
—e 75V = p! <150 GeV 1 eu-CR data .
- —.— Uncertainty 7]
—— = VH,H — bb x 70 =

—o—
—o—
——
——
——
—o—
——
——

—e—
——
-08 -06 04 02 0 02 04 06 0.8 1

BDT,, output

ATLAS Internal
{s=13TeV, 139 fb™
2 leptons, = 3 jets, 2 b-tags

—o— Data
B VH, H — bb (u=1.00) —
[ Diboson

Bl Z+jets

[ en-CR data
Uncertainty

— VH,H — bb x 70

1 08 -06-04-02 0 02 04 06 08 1

BDT,, output
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How does a fit (usually) work in HEP

Events /

Events /

,|_ ATLAS Intemal +5;taH bE (et 00
10 C {s=13TeV, 139 fb” =Dib’oson (n=1.00) 3
 2leptons, = 3 jets, 2 b-tags B Z+jets ]
—e 75V = p! <150 GeV 1 eu-CR data .
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Events /0.13

Data/Pred.

Note: sometimes the Montecarlo can be replaced
by a certain function, like for example for H—yy

_lllIIIIIIlIIIIllIllllllllllllllllllllll_
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BDT,,, output

Maximise the likelihood
..within some boundaries
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Nuisance parameters

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

Pre -fit constraint Post -fit constraint

?t ol

Pythia

Pythia Nature

@ Sherpa Nextyears (O
generator

Sherpa

Nextyears (O
generator

W. Verkerk cﬂs 2014

e Account for shape differences

e Account for normalisation effects

e Account for uncertainties in the applied corrections or in the theory
* Account for uncertainties associated with limited data
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ypes of uncertainty

, Experimental
Systematic
Uncertainties Modelling
Total
uncertainty
Statistical

Uncertainties
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Experimental uncertainties
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Muons:
Match tracks in the MS and in

the ID (combined muons)

2
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Electrons:
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Experimental uncertainties
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Some examples:
e Calibrations
e |dentification

e Trigger uncertainties

» Jet energy scales
* Flavour tagging

* Energy corrections




Modelling uncertainties

Start building the MC Systematic Model

Configurable parameters: Underlying Event

p

Y Y Y

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

uF: cutoff to distinguish the

_ What MC uncertainties should we consider in our

partons absorbed in the PDF .
from the ones in the hard | q Systematic Model?
scattering. Parton Shower

................. g q < % e Each generator is made up of building

""""""""" blocks tuned using an array of configurable
N A parameters.
p 7 Hadronisation
— b w e Need to build our systematic model to
account for the uncertainties on these

configurable parameters.

o

Yyy
AM
©

N
Pile-Up

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

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. 11
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Modelling uncertainties

Start building the MC Systematic Model

Configurable parameters: Underlying Event

p

Y Y Y

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

q\ Lt
uF: cutoff to distinguish the Nf\}\)<\‘\
partons absorbed in the PDF
from the ones in the hard : L q

ttering. ‘
Searenng Parton Shower

o
Y Y Y

O
Yyy

(£
("%

o
AM
©

Pile-Up

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.

Consider one effect at a time:

PDF

Renormalization scale (uR)

Factorisation scale (uF)

Matrix Element

Parton Shower

Resummation Scale (QSF)

CKKW

Underlying Event

Pile-up (not covered)

EW corrections (not covered)

Radiation High/Low

12
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The fit model;

Simultaneous binned Likelihood fit built across multiple analysis categories:

(not of interest).

Nuisance parameters (NP)
Additional parameters

Hypothesis testing:
u = 0 — background only hypothesis

u =1 — SM signal+background hypothesis

>t (1s(0) + b(0))"

e_(ﬂsi(9)+b,'(0)) X gaux(a)

ZL(u,0) = H

T i=1

Parameter of interest:
Signal strength

o - BR

Osy - BRgy

ﬂ:

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

» JES, JER, MET

> [ epton reco, ID, iso, calibration

> b-tagging uncertainties
> [Lumi, pile-up

POIssonhtzr'm for N, ! -2
each bin . 207
Zu® =[] e i
j 1/2mo;

Gaussian penalty term for the
distribution of the NP priors

» Shapes and relative normalizations across regions
> Flavor composition uncertainties

» Theory uncertainties: PDF, scales, PS/UE
> ...
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A concrete example;

Z + jets

| :
Z + Il normalisation 18%
Z 4 ¢l normalisation 23%
Z + HF normalisation Floating (2-jet, 3-jet)
Z + be-to-Z + bb ratio 30 - 40%
Z + cc-to-Z + bb ratio 13 - 15%
Z 4 bl-to-Z + bb ratio 20 - 25%
0-to-2 lepton ratio %
Myp, P‘r S
W 4 jets

W 4 Il normalisation 32%
W + el normalisation 37%
W + HF normalisation Floating (2-jet, 3-jet)
W + bl-to-W + bb ratio 26% (0-lepton) and 23% (1-lepton)
W + be-to-W + bb ratio 15% (0-lepton) and 30% (1-lepton)
W + cc-to-W + bb ratio 10% (0O-lepton) and 30% (1-lepton)
0-to-1 lepton ratio 5%
W 4 HF CR to SR ratio 10% (1-lepton)
My, P"r S

tt (all are uncorrelated between the 041- and 2-lepton channels)
tt normalisation Floating (04 1-lepton, 2-lepton 2-jet, 2-lepton 3-jet)
O-to-1 lepton ratio 8%
2-to-3-jet ratio 9% (0+1-lepton only)
W + HF CR to SR ratio 25%
my,. p-‘r S

Single top-quark
Cross-section 4.6% (s-channel), 4.4% (t-channel), 6.2% (W't)
Acceptance 2-jet 17% (t-channel), 55% (Wt(bb)), 24% (Wt(other))
Acceptance 3-jet 20% (t-channel), 51% (Wt(bb)), 21% (Wt(other))
Myys PT S (t-channel, Wt(bb), Wt(other))
Multi-jet (1-lepton)

Normalisation 60 — 100% (2-jet), 90 — 140% (3-jet)
BDT template S
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A concrete example;

Z + jets
Z 4 Il normalisation 18%
Z 4 ¢l normalisation 23%
Z + HF normalisation Floating (2-jet, 3-jet)
Z + be-to-Z + bb ratio 30 - 40%
Z + ce-to-Z + bb ratio 13 - 15%
Z 4+ bl-to-Z + bb ratio 20 - 25%
0-to-2 lepton ratio %
My, P"r S

W 4+ jets
W 4 Il normalisation 32%
W 4+ el normalisation 37%

W + HF normalisation
W + bl-to-W + bb ratio
W + be-to-W + bb ratio
W + cc-to-W + bb ratio
O-to-1 lepton ratio

Floating (2-jet, 3-jet)

26% (0-lepton) and 23% (1-lepton)

15% (0-lepton) and 30% (1-lepton)
10% (O-lepton) and 30% (1-lepton)
5%

W 4+ HF CR to SR ratio

Signal

v
My, Pr

tt (all are uncorrelated betw

Cross-section (scale)
Cross-section (PDF)

H — bb branching fraction
Acceptance from scale vanations

Acceptance from PS/UE variations for 2 or more jets

Acceptance from PS/UE variations for 3 jets
Acceptance from PDF+ag variations

LT p‘r. from scale vanations
M. pr. from PS/UE variations
My, p} from PDF 4ag variations
p‘;: from NLO EW correction

1 normalisation Floatin
O-to-1 lepton ratio
2-to-3-jet ratio
W + HF CR to SR ratio
myg,. p}r
Sin
Cross-section 4.6%
Acceptance 2-jet 17% (¢
Acceptance 3-jet 20% (¢
.
My Pr
Multi-
Normalisation

BDT template

60 — 100% (2-jet), 90 — 140% (3-jet)

S

0.7% (9q). 27% (g99)
1.9% (qq — WH), 1.6% (qq =+ ZH), 5% (g99)
1.7%
2.5 - 8.8%
2.9 - 6.2% (depending on lepton channel)
1.8 - 11%
0.5 - 1.3%

v

w
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A concrete example;

Z + jets |
Z + Il normalisation 18%
Z 4 ¢l normalisation 23%
Z + HF normalisation Floating (2-jet, 3-jet)
Z + be-to-Z + bb ratio 30 - 40%
Z + cc-to-Z + bb ratio 13 - 15% ZZ
Z + bl-to-Z + bb ratio 20 - 25% Normalisation 20%
0-to-2 lepton ratio 7% 0-to-2 lepton ratio 6%
My, P"r S Acceptance from scale variations 10 - 18%
- - Acceptance from PS/UE variations for 2 or more jets 6%
W + jets Accopmncc from PS/UE variations for 3 jets 7% (O-lepton). 3% (2-lepton)

W + Il normalisation 39% My, pr from scale variations S (correlated with W Z uncertainties)
W 4 ol normalisstion 37% My, p,-. from I"S/UF \nrmlu'mx' S (correlated with H:Z unu-rtaiut ?('s«)
W + HF normalisation Floating (2-jet, 3-jet) my,,. from matrix-element variations S (correlated with W Z uncertainties)
W + bl-to-W + bb ratio 26% (0-lepton) and 23% (1-lepton wé
W + be-to-W + bb ratio 15% (O-lepton) and 30% (1-lepton) Normalisation 26%
W + ce-to-W + bb ratio 10% (0-lepton) and 30% (1-lepton) O-to-1 lepton ratio o n%
0-to-1 lepton ratio 5% Acceptance from sc:.nlc .vnru\t ions ' 13 - 21%

) . Acceptance from PS/UE variations for 2 or more jets 4%
W + HF CR to SR ratio Acceptance from PS/UE variations for 3 jets 11%

v
My, Pr

tt (all are uncorrelated betw

Cross-section (scale)

Cross-section (PDF)

v ..
My, Pr, from seale variations

v . L.
M. pr. from PS/UE variations
myy, from matrix-element variations

S (correlated with ZZ uncertainties)
S (correlated with ZZ uncertainties)
S (correlated with ZZ uncertainties)

ww

tt normalisation Floating py _, b4, branching fraction
O-to-1 lepton ratio A . T
. . coeptance from scale var Normalisation

2-to-3-jet ratio ’& /1]
W + HF CR to SR ratio Acceptance from PS/UE ve
My, Pr Acceptance from PS/UE variations for 3 jets

Sine Ac u-p(um e from PDF4ag variations

= my, Pr, from scale variations
Cross-section 4.6% " Pr > /Ul
Acceptance 2-jet 17% (@ ™obs pr from PS/UE variations
Acceptance 3-jet 20% (¢ My, pr. from PDF 4ag variations
Myy, PT p‘r from NLO EW correction
Multi-

Normalisation 60 — 100% (2-jet), 90 — 140% (3-jet)

BDT template

S

25%

1.8
0.5

11%
1.3%

wwwmw
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A concrete example;

Z + jets |

Z + Il normalisation 18%

Z + ¢l normalisation 23%

Z + HF normalisation Floating (2-jet, 3-jet)

Z + be-to-Z + bb ratio 30 - 40% |

Z + cc-to-Z + bb ratio 13 - 15%

Z 4 bl-to-Z + bb ratio 20 - 25% Normalisation

0-to-2 l‘ ‘pton ratio T 0-to-2 lepton ratio

My, pT S Acceptance from scale variati

Acceptance from PS/UE vari

W+ jets Acceptance from PS/UE vari

W 4 Ul normalisation

W + el normalisation

W + HF normalisation
W + bl<to-W + bb ratio
W + be-to-W + bb ratio
W + ce-to-W + bb ratio
O-to-1 lepton ratio

W+ HF CR to SR ratio

My, I"r

v .
My, Pr. from scale variatio

v . . 1
My, Pr, from PS/UE variati
my,,. from matrix-element v

32%
37%
Floating (2-jet, 3-jet)
26% (O-lepton) and 23% (1-lepton
15% (O-lepton) and 30% (1-lepton
10% (0O-lepton) and 30% (1-lepton
5%

Normalisation
O-to-1 lepton ratio

Acceptance from scale variati
Acceptance from PS/UE vari
Acce pl:mu from PS/UE vari

My, p; from scale variatio

tt (all are uncorrelated betwy

Cross-section (scale)

Cross-section (PDF)

My, p-r from PS/UE variati
mgs, from matrix-element v

tt normalisation

O-to-1 lepton ratio
2-to-3-jet ratio

W+ llF CR to SR ratio

Myp, I’T

Float il]

Source of uncertainty o,
Total 0.259
Statistical 0.161
Systematic 0.203
Experimental uncertainties
Jets 0.035
E”1lSS 0.014
Leptons 0.009
b-jets 0.061
b-tagging c-jets 0.042
light-flavour jets  0.009
extrapolation 0.008
Pile-up 0.007
Luminosity 0.023

Theoretical and modelling uncertainties

H —» bb branching fraction
Acceptance from scale var
Acceptance from PS/UE v
Acceptance from PS/UE variations for 3 jets

Normalisation

Singl

Acce phmu from PDF+ag variations
from scale vanations

Cross-section
Acceptance 2-jet
Acceptance 3-jet

\
My, Pr

4.6%
17% (
20% (

M, p'
My, ;rr from PS/UE variations

m,,., pr from PDF 4ag variations

pr from NLO EW correction

Multi-

Normalisation

BDT template

60 — 100% (2-jet), 90
S

140% (3-jet)

Signal

Floating normalisations
Z + jets

W + jets

tt

Single top quark
Diboson

Multi-jet

MC statistical

0.094

0.035
0.055
0.060
0.050
0.028
0.054
0.005

0.070

Sofia Vallecorsa, llaria Luise CERN - sofia.valIecorsa@cern.cml ia.lui .
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A concrete example;

Ap Source of uncertainty o
. -0.1 -0.05 0 0.05 0.1 Total 0.259
| | T T 1 | T 1 | T 1T 1 | T T 1 | | . .
| | Statistical 0.161
| Wiiets p! _%}_ i ~ Systematic 0.203
z
+jets m shape 7 . i | e ) . .
:1 Z+jets m_ shap m -—o—- | Experimental uncertainties
Diboson m,, shape E._ > ; |t l JetS 0 035
VH acceptance (PS/UE) li—/ : ; : E&\nlss 0. 0 14:

. acceptance scales S |-/ 3 E | Le tons 0009

| bp ,(QC:. ': %%%% :‘ 'j ’ b-jets 0.061
-jet tagging efficiency by — et | . ’

: : 4 i . b-tagging c-jets 0.042

tt m,, shape

| v ' ' light-flavour jets  0.009
| QCD scale for ggZH — —h ! | extrapolation 0.008

2.
| ' ' | ! : F
‘ 2-lepton tt m,, shape ; 7//%.—1 E ; Plle-up 0.007
I i ‘/% E [ . Luminosity 0.023 |
c-jet tagging efficiency 1 —_— - e B
[ y. ' 5 N

ttacding effcionc L0 : . : :' - Theoretical and modelling uncertainties
.i b-jet tagging eff y 0 i %/- i i | .
| c-jet tagging efficiency 0 E —_— ; — E t | Slgnal 0.094
VH 2-to-3 jets acc. (QCD) I:— :/ el E r "
777 £ : - Floating normalisations 0.035
b-jet tagging efficiency 2 % ' | .
| ; A ; Z + jets 0.055
| Single top acceptance (Wt—other) i. : 4 i ‘/‘/’ + jets 0060
: A TLAS E =13 TeV —— Pyl (@ - 90)/AG tz 0' 050
| 79.8 fb™! m +1o Postfit Impact on p Slngle tOp qua‘rk 0028
m,=125 GeV |:I -1o Postfit Impact on p : | Diboson 0.054 ;
1 11 I [ | 1111 | 1111 | 1111 | L 111 | 1111 | 1111 | Mlﬂti—jet 0.005
| -15 -1 -05 0 0.5 1 1.5 2
| MC statistical 0.070
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A concrete example;

The “pull plot”

(a)

Object uncertainties
Pile-up uncertainty
Muon MS p_res.
Muon ID p_ res.
Muon Trig. (stat.)
MET TST scale

MET TST reso. perp.
MET TST reso. para.
Luminosity

JMS stat.

JMS modeling

JMS baseline

JMS tracking
Punch-through correction
p topology

Pile-up offset p_term
Pile-up offset NPV term
Pile-up offset mu term
JVT uncertainty

JER

Flavor response
Flavour composition
1 intercalib. (stat.)

1) intercalib. (nonclosure)
1) intercalib. (model)
Effective NP 8
Effective NP 7
Effective NP 6
Effective NP 5
Effective NP 4
Effective NP 3
Effective NP 2
Effective NP 1

JMR

b-tag extrap. from charm
b-tag extrap.

b-tag (L) EV9

b-tag (L) EV8

b-tag (L) EV7

b-tag (L) EV6

b-tag (L) EV4

b-tag (L) EV3

b-tag (L) EV2

b-tag (L) EV15

b-tag (L) EV14

b-tag (L) EV13

b-tag (L) EV12

b-tag (L) EV11

b-tag (L) EV10

b-tag (L) EV1

b-tag (L) EVO

b-tag (C) EV2

b-tag (C) EV1

b-tag (C) EVO

b-tag (B) EV4

b-tag (B) EV3

b-tag (B) EV2

b-tag (B) EV1

b-tag (B) EVO
Electron ID

Electron E; scale

Electron E; res.

(b)

-2

Background uncertainties
V+jets norm. (1122T,0-1H)
V+jets norm. (11,1T,1H)

V+jets norm. (11,1T,0H)

V+jets norm. (11,20T,22H)

V+jets norm. (11,0T,1H)

V+jets norm. (11,0T,0H)
V+charm-jets norm. (11,>2T,0-1H)
V+charm-jets norm. (11,1T,1H)
V+charm-jets norm. (11,1T,0H)
V+charm-jets norm. (11>0T >2H)
V+charm-jets norm. (11,0T,1H)
V+charm-jets norm. (11,0T,0H)
V+beauty-jets norm. (11, =2T,0-1H)
V+beauty-jets norm. (11,1T,1H)
V+beauty-jets norm. (11,1T,0H)
V+beauty-jets norm. (11, =20T =2H)

V+beauty-jets norm. (11,0T,1H)
V+beauty-jets norm. (11,0T,0H)
tt inclusive cross section
tt+lights rad.
tt+lights parton shower
tt+lights NNLO top-p_ correction
tt+lights generator
tt+cc norm.
tt+>1c rad.
tt+>1c parton shower
tt+21c NNLO top-p_correction
tt+>1c generator
tt+>1b UE modeling
tt+>1b scale
tt+21b rad.
tt+>1b Q CMMPS
tt+21b parton shower
tt+21b NNPDF
tt+21b MSTW
tt+21b glo soft
tt+>1b generator
tt+>1b CSS KIN
tt+>1b 4F PY8
tt+21b 4F PS
ttH norm. (11)
topEW norm. (11)

Single-top norm. (1, =2T,0-1H)
Single-top norm. (11, 1T, 1H)
Single-top norm. (11, 1T, OH)
Single-top norm. (11, 20T=2H)
Single-top norm. (11, 0T, 1H)
Single-top norm. (11, 0T, OH)
Single-top DR/DS (11, =2T,0-1H)
Single-top DR/DS (11, 1T, 1H)
Single-top DR/DS (11, 1T, OH)
Single-top DR/DS (11, 20T=2H)
Single-top DR/DS (11, 0T, 1H)
Single-top DR/DS (11, 0T, OH)
SM 4tops norm. (11)

Multijet norm. (u,22T,0-1H)
Multijet norm. (u,1T,0H)
Multijet norm. (u,0T,1H)
Multijet norm. (u,0T,0H)
Multijet norm. (e 22T,0-1H)
Multijet norm. (e,1T,0H)
Multijet norm. (e,0T,1H)
Multijet norm. (e,0T,0H)
Dibosons norm. (11.>2T,0-1H)
Dibosons norm. (11.1T,1H)
Dibosons norm. (11.1T,0H)
Dibosons norm. (11.20T >2H)
Dibosons norm. (11.0T,1H)

Dibosons norm. (11.0T,0H)
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Uncertainties in Machine Learning

Randomness

Environmental Aleato
Stochasticity

Uncertai

Process
Stod)asticity

Scenari \
Uncertainty |
Data
Uncertainty

nistemicC measurement
Uncertainty

Sampling




INntroduction

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

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

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

Predictive uncertainty

— T~

Aleatoric uncertainty Epistemic uncertainty
Uncertainty related to the data Uncertainty related to the model

15

10

-5  Aleatoric

-10

' <
= ~_ o .
‘m Epistemic
~15

0 2 4 6 8 10 12

Representation of the total
predictive uncertainty by a p (y*
probability distribution

x, D)= p(y* x,a))p(a)lD)dco

Aleatoric Epistemic

@
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>

X : input data point

w : model parameters

y* : possible output

D : Training dataset 22
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Aleatoric uncertainties

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!

Missing data

Phenomenon — Observations — > Observed data

A A
Randomness .
in the Error and noise . Statistical and systematic
h IN Measurements uncertainties
phenomenon

We can reduce the aleatoric uncertainty by improving the measurement (reducing the error or noise)
for instance. 23
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Aleatoric uncertainties: examples

Noise Frequency Spectrum

> .
0t 1 I |
0 1 Frequency {Hz) 10 1o
a.b'v . ! !
10° : | :
g {WWW
104 ? | :
o 0 crequancy el 2° 30 High Resolution Low Resolution
il ] e ig ==
Noisy spectra Noisy images

ATLAS Preliminary LArEndcap C

Run 325713 Event 426221175
All Cells
% | N o
Eooa’ 10° &
. = (=)
N =
0.06} X
o
.9
0.0 : 10° ©
. "..- :a
0.02 : ‘ w
B
ﬂl- =
0

-~
o
T

0.1 0.12 0.14 0.16 0.18 0.2
cose x [tard)|
Noisy detector channels

Text from social media

(e.g. for reconstruction)
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Epistemic uncertainties

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 pertfectly the unknown « true » function

[F: X —> Y Space of all the
) functions
Estimated
model
Space of all the f* fT o
possible models « .
Estimation @ function

with parameters w
Approximation
error

error

Optimal
model

It can be possible to reduce epistemic uncertainty by using more data
and increasing the model complexity 25
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Epistemic uncertainties: examples

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.

Rare Words

Rare words in a text dataset
Rare or underrepresented

occurrences in a dataset

Feature maps

Pythia Nature

. Sherpa Convolutions Subsampling Convolutions Subsampling  Fully connected

Nextyears QO

generator . . . .
Domain shift: differences in

distribution between data
and Montecarlo or between
test and training datasets

Herwig

Choice of the ML
architecture
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Uncertainties example

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

(a) Input Image (b) Ground Truth (c) Semantic (d) Aleatoric (e) Epistemic
Segmentation Uncertainty Uncertainty

Kendal, Gal, NIPS 2017, https://papers.nips.cc/paper/2017/file/2650d6089a6d640c5e85b2b88265dc2b-Paper.pdf
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Can we match these uncertainties
with what we have seen in HEP
analyses?

e Aleatoric uncertainties

* Epistemic uncertainties

. Experimental uncertainties

e Modelling uncertainties

e Shape uncertainties (change in distribution)

e From limited knowledge of the distribution
e Statistical uncertainties



Slide from M. Kagan

Final answer (debatable, but still..):

Machine Learning

Aleatoric uncertainty
e “Statistical” / “Data” Uncertainty
* Uncertainty Inherent to data
* Not reduced w/ more data

Epistemic uncertainty
* “Model” Uncertainty
* Uncertainty from Imperfect knowledge
* Reduces with more data

Domain Shift

* Imperfect model of data generation
process

HEP

Detector Noise
Resolutions

Stat. errors in HEP <?

Systematic errors induced by ML
model training on finite stats.

Systematic Uncertainties from
data / simulation differences

*Even within the ML community, these terms can be ambiguous

29
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How to reduce uncertainties:

How might we reduce uncertainty? (ML perspective)

Uncertainty about the model
(its structure and parameters)

Initial condition uncertainty

Uncertainty due to limitations of
the model
(modelled as stochastic dynamics)

Use more historical data and
compute for model selection and
parameter learning.

More data-efficient and compute-
efficient model architectures and
learning methods

Assimilate more observations
(and more precise obs)

Better assimilation methods
(could be ML-based)

Better models used for
assimilation (see <-- and -->)

Subject to enough data: allow the
model more:

e Learning capacity
(parameter count, ...)

e Computational capacity
(resolution, latent size,
message-passing steps, ...)

e State representation
capacity
(resolution, latent size, ...)

Limits of predictability: we expect some uncertainty is irreducible, for anything short of a perfect model and perfect initial conditions

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

30


mailto:ilaria.luise@cern.ch

Deterministic vs stochastic models

* 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

Ensembles - - clmejolosy
” = —
( -
\ h \/
\
Deterministic \\ \
forecast I l
I
Initial condition ! /
uncertainty "
|
|
{
\
\
/
!
J
/
/
\\ p
- - -
Time ™~ . L7
R - s Forecast
uncertainty
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How to represent uncertainties

How might we represent uncertainty? (ML perspective)

Uncertainty about the model
(its structure and parameters)

Initial condition uncertainty

Uncertainty due to limitations of
the model
(modelled as stochastic dynamics)

Bayesian ML methods:
e to obtain approximate
posterior over parameters
e or over model structures

Ad-hoc multi-model ensembles:
e trained from multiple
random initializations
e trained on different
resampled datasets

Ensemble data assimilation
Ad-hoc initial perturbations

End-to-end ML model
conditioning directly on obs

Probabilistic generative models
(Diffusion, GANs, VAEs, flows,
scoring-rule minimization, ...)

Ad-hoc perturbations at each
timestep

Sofia Vallecorsa, llaria Luise CERN - sofia.vallecorsa@cern.ch | ilaria.luise@cern.ch
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A list

e Gradient Metrices'

e Additional Network
for Uncertainty?

e Distance to Training

Data’

e Augmentation
Policies™

e Prior Networks*

e Evidential Neural
Networks®

o Gradient penalties’

o Sub-Ensembles™
e Batch-Ensembles™

-

e Application of
Variational Inference®

e Stochastic Vanational
Inference?

e Normalizing flows'”

e Monte-Carlo
mwu‘l 1

.

e Model Pruning®
o Distillation®

e Original works'?  Diagonal Information
e Stochastic MCMC" Matrix ** eRandom Initializationy A Survey of Uncertainty in Deep Neural Networks, J. Gawlikowski et al,,
o Theoretic Advances' « Kronecker- Data Shuffling"® arXiv:2107.03342
Fxtﬂl'izaionm ® Basslng/ Bmmg 19
oSparsc Information oSmglc Ti'ammg RunZO
_ Marrix” ) 33
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—xample: Learning Systematics

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

Generative models —based uncertainty learning

[ »iX)iz= o)
T p(fX)|Z=0)
0 pi12= +0)

....................

0 02 04 06

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

3.0

2.5

2.0

1.5

1.0

0.5

0.0

-0.5

-1.0

-1.0-0.5 0.0 05 1.0 1.5 20

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

-

P

1 p(f(X)|Z= —0)

|0 p(f(X)|1Z2=0)
| pU(X)1Z=+0)

........................

02 04 06

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

3.0

2.5

2.0

1.5

1.0

0.5

0.0

-0.5

-1.0

-1.0-0.5 0.0 05 1.0 1.5 20

34

0.84

0.72

0.60

0.48

0.36

0.24

0.12


mailto:ilaria.luise@cern.ch

Interpretabillity

1.47 —— VIMIN Data Uncertainty Aware Machine Learning Models for Particle
191 —e— [MINER Labels Physics Applications , Tue 09/05
S| ===-- IMINER Predictions: DGPA

1.0 IMINER Predictions: BNN

----- IMINER Predictions: DQR
0.8 -
0.6 iy ‘ < A

[ ) \ 3

‘ ) ’ ! . “ . \ \‘ Ca ‘ “}.“ 7 - 2
0.4 - ” 'V' ‘ - ’ ) . ‘~ ‘ . 4
0.2 -
0.0

Interpretability Inspires: Explainable Al for DNN Top Taggers, CHEP2023

8 background
e background 1200 . signal signal

1400{ mmm signal S background 6

1200 . Jet clqss . "
% P information is
@10 g B0O - =
& & encoded in the & 2
2 T § 600 correlation 0
£ 600 5 structure of the
3 400 —2

400 latent spaces

200 -4
200
0 -50 =25 00 25 50 75
0 —3 i 0 2 4 0 50 100Jet1r'2255 [ZGoe[:/] 250 300 ch.o
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FAIR principles

FAIR4AHEP: Fair Al models in High Energy Physics, CHEP2023

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

I 40PU 7 4o Tracks and clusters clearly
.‘ : / identifiable by eye throughout

most of detector.

¢ _—
he on ntudlnalshoworfom rint
n

i
iy i?é .

-

example of . "
3d-cluster ; " .
pattern recognition

example of
2d-cluster
topology

high pr jet
O(500 GeV)
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Some resources:

- 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]

37
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Sackup



Keys, queries, values

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

Input Thinking Machines Thinking Machines
Embedding Xq Xo « X [
Queries q [ q: [ o D q ] ] we
Keys ki | k2
Values V1 V2 k[ T ] <[] WK
Score qi* ki=112 qi * k2 =96
Divide by 8 ( Vd;. ) ' 1 vil T 1] vo[ [ [] WV
Softmax L — N
Softmax

X vi V2
Value
Sum Z1 Z2

Multiplying x1 by the WQ weight matrix produces q1, the "query" vector associated with that word. We end up creating a "query", a "key", and
a "value" projection of each word in the input sentence. 39
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Tranformers

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

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting ~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix \W*" to
R with weight matrices = Q/K/V matrices produce the output of the layer
W@
K
Thinking e Wol Qo
Machines 0y Wo Ko
g Vo WO
W@
* In all encoders other than #0, ?;qu1 K Qs
we don't need embedding. iy W,V K
We start directly with the output S Vi
of the encoder right below this one —:
R b LN J LN

HE
K
:_1 | 1W<N7V Q7K7
_: E V7
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Systematics: training dataset size

arxiv:2008.06545
NEW: arxiv:2202.07¢
If a GAN is trained on N data points, how many new

points can be drawn?

GAN can describe distribution better than training
data 0.16 10/quantiles T 10_1 18::antiles
. . 014 Pl = =0, N ata points
Needs 10,000 GAN points to match 150 true points A
In terms of information: Sl ] » \‘g
« sample: only data points - o ""‘QLN
- fit: data + true function N A 5 SapE ]
-  GAN: data + smooth, continuous function ol s e o [2000 g T
3007

10! 10?2 10° 104 10° 10°
number GANed

Generalisation — :
to multi- ’ 6x6x6x6x6 quantiles
w ' 500 data points
dimensional E e
prObIem é10_3
E sampl c
MOSt phySiCS data sets described by COntiHUOUS function 9 § ;888 N
GAN can interpolate I
O 10000 7
107 20000 | ——

10t 1024 10° 10% 10° 10° 107
number GANed
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Bonus: Montecarlo reweighting with NN

PDF: q(x|0)
N, data points: X, = O SR A

Post-fit
‘ uncertainty
Pre-fit
' uncertainty
Data
Auxilliary
measurement

PDF: p(x|6)

N data points: X = | I R

>
6

1

L(u) -

n

Monte Carlo Q: q(x|0)

A
A
X2 q(x) =1
q(x) =0
»
X3
Monte Carlo P: p(x|0)
X
2

N

.*-‘i » MC P is a subset of
MC Q.

» This can lead to

ML convergence
X issues.
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Systematic uncertainties: image similarity

GAN can exhibit mode-collapse or mode-drop
How much diversity in the generated sample?

* Use the Structural Similarity Index
(2ﬂxﬂy + Cl)(Zny + Cz)
(U3 + u3 + C(03 + 07 + Cy)

SSIM(x, y) =

where x, y are two samples to be compared

« Calculated on sliding windows, then averaged.

SSIM

0.9

0.8

0.7F
0.6
0.5

0.4

1=

0.3F
0.2F
0.1F

050

SSIM: L=0.0001 Angle=90°

—— MC vs. GAN

—— MC vs. MC

—— GAN vs. GAN

 Oursis a 3D problem: SSIM computed in xy plane, 3rd dimension is channel

« Adjust C1-C2 to the pixel dynamic range

100 150 200 250 300 350 400 450 500
Ep [GeV]
SSIM(x,y) =1 &x=y
43
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Systematics: rare events

“Standard”

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

BOF
Percentage of events with multiple peaks ma
< 10 IR
& , —— G4 62 degree “ ] s ank
qé’ 98 ---- GAN 62 degree VTN Y4 -
g —— G4 90 degree 20
g 8 ---- GAN 90 degree -
- G4 118 degree Ry
: -~ GAN 118 degree .
SCE
AL -
.1]:: '_
4 :
ack
) 1CF
400 L 1
Ep =
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