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Infroduction

Statistical methods play a critical

role in many areas of physics
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http://www.sciencedirect.com/science/article/pii/S037026931200857X

Infroduction

Events / 20 GeV

Data - fitted background

Sometimes difficult fo distinguish a bona fide discovery

from a background fluctuation...
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Infroduction

Sometimes difficult fo distinguish a bona fide discovery

from a background fluctuation...
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Uncertainties

Many important questions answered by precision measurements,
Key point = determination of uncertainties

I
— Total uncertainty

Stat. uncertainty
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https://www.science.org/doi/10.1126/science.abk1781

Randomness in High-Energy Physics

Experimental data is produced by incredibly complex processes




Randomness in High-Energy Physics

Experimental data is produced by incredibly complex processes

Tracker
Electromagnetic /
Calorimeter
Hadren ~//
Calorimeter Superconducting g 4
Solenoid [ron return yoke interspersead
with muon chambers
- Muon Electron Charged hadron (e.g. pion)
- = =- Neutral hadron (e.g. neutron) ----. Photon
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Randomness in High-Energy Physics

Experimental data is p[oduced by incredibly complex processes

Hard scattering
PDFs, Parton shower, Pileup
Decays

Detector response

Reconstruction
Image Credits: 3 0l T ATLAS —e Duazis 3
S. HC")Che, § :zz;\'ﬁ Step 4 %rnl%l=llz.5Te]{,M‘hfsTe\/.‘_%
SLAC-PUB-16160 m T s

10k

Randomness involved in all stfages
— Classical randomness: detector reponse
— Quantum effects in particle production, decay

Data/MC

7 8
H; [TeV]
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https://arxiv.org/abs/1411.4085

Measurement Errors: Energy measurement

Example: measuring the energy

of a photon in a calorimeter

Calorimeter r Readout
y ................................ -
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Measurement Errors: Energy measurement

Example: measuring the energy

of a photon in a calorimeter
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Measurement Errors: Energy measurement

Example: measuring the energy

of a photon in a calorimeter
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Measurement Errors: Energy measurement

Example: measuring the energy

of a photon in a calorimeter

Measure leakage behind calgrimeter

Measure leakage
intfo neighboring cells
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Measurement Errors: Energy measurement

Example: measuring the energy

of a photon in a calorimeter |
Measure leakage behind calgrimeter

>

Calorimeter

Measure leakage
intfo neighboring cells
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Cannot predict the measured value for a given event

= Random process = Need a probabilistic description 8 /55



Quantum Randomness: H-ZZ*—4l

D

N

Il

Phys. Rev. D 91, 012006 e

% 80 :I I B O B B |: RC"e rocess: EX eC_I_ -| SlgﬂCﬂ g
5 _ . [ ATLAS ¢ oaa 1 event every ~6 days ¢
70 = |:|S' I(m =125GeV u = 1.51) Q

© MEHoszzr 54 anal (m, =125 GeV = 151) 2
~ 60 i Vs =7TeV ILdt=4.5fb'1 - Background ZZ* j s
..(L) ‘ ) - Background Z+jets, tt N 2
c T Vs=8TeV _[Ldt: 203" , ] 6
()] . % Systematic uncertainty ] =
> 50 Y - 9
L - . $
40 + ] e s e . g

- | . rsemsse (@ okevEs i bt 9

30 - = 5

- ] O

- ] O

20: - g

B 4 O

10 _— - E

C ] Q

ot 2 2

100 200 300 400 500 600 2

my, [GeV] g

c

9/55



Quantum Randomness: H-ZZ*—4l

o
(o0
<

I

PhyS Rev D 9] 01 2006 O

> 35 L L L L LB L B R = -(_)
> - » &

8  F {5=7Tev |Ldt=307f" Sep 26, 2011 . Rare process: Expect 1 signal &

~ e = evenrt every ~6 days o

5 = ] a

o 2 ATLAS Preliminary —— Q

- H-zz"" 4l channel - 0
20— ‘ ] 2
— [ Signal (mH=125 GeV) 7 O
— v B Background 22" ] O
15— B Background Z+jets, tf | 5
- —+— Data § THERE ARE A LOT OF DIFFERENT REACTIONS THAT s =
10__ 7 CAN GIVE You THE HIGGS, FOR EXAMPLE... - _. 5

E — 7 L.AND THE
= - You CAN Buce A (ol sies, oy | Meds pechre 8
5 __ _— 3 7. QUARKS, E
- . o}
mu AR E 5
5 °F e SEELE fu I$
3 10— — E
) O
S O g e La Q
@ O
© C
© -101— o O—
a 50 100 150 200 250 300 350 400 450 _ 500 3
M, [GeV] 3
3
S~
—
Q
+
e

View online

10/ 55


https://cds.cern.ch/record/2230893/files/Higgs4l.gif?download=1


Quantum Randomness: H-ZZ*—4l
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Performing a measurement hys. Lo, B 759 (2016) 601

Measure the cross-section (event rate) of Rl AP SN
Em [ [EIMC Stat. ® Syst. Unc.  ATLAS
the /- ee process g1E Eg;gﬁgn e, 13TEV. 8100

-
o
(A

L @zt
E [ Top quarks H‘;

35000 + 187 m2
| - 175 + 8 of
o n, —N 1
fid _ __data bkg (81 + 2) pb"! R TR ot VST
fid gogpml ¢ TN I
\ 0.552 + 0.006 - 80 56 100 110

ol =0.781 + 0.004 (stat) + 0.018 (syst) nb

Fluctuations in the Other uncertainties (assumptions,
datfa counts parameter values)

“Single bin counting” : only data inpufis N___ 12 /55


http://dx.doi.org/10.1016/j.physletb.2016.06.023

Example 2: itH->bb
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arXiv:2111.06712

Event counting in different regions:
Multiple-bin counting

Lots of information available
— Potentially higher sensitivity
— How to make optimal use of it ?
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https://arxiv.org/abs/2111.06712
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How to count

Collider processes: produce (many) events N, select a (very) small fraction P
— |n principle, binomial process

— In practice, P« 1, N >» 1, = Poisson approximation.

— j.e. very rare process, but very many ftrials so sfill expect to see good events

Poisson distribution: P( n; }\,) —e ! A

T n!
(l—P)N_n n<iN (1_%)1\7 NZ’>1 e_}\

A=05
0.6
050 Mean = A
: Variance = A
0.4;— G = \/)\
0.3/ -
0.2 Central limit theorem :
01 becomes Gaussian for large A :
:—L""' A= oo

%35 10 15 20 25 30 P()\.) 5 G()»,\/X)
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How to count

Collider processes: produce (many) events N, select a (very) small fraction P
— |n principle, binomial process

— In practice, P« 1, N >» 1, = Poisson approximation.
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How to count

Collider processes: produce (many) events N, select a (very) small fraction P
— |n principle, binomial process

— In practice, P« 1, N >» 1, = Poisson approximation.

— j.e. very rare process, but very many ftrials so sfill expect to see good events
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Statistical Model for Counting

Observable: number of events n

Typically both Signal and Background present:

_(S+B) (S + B) B S : # of events from signal process
B : # of events from bkg. process(es)

P(n;S,B)=e

n!

Model has parameters S and B.

B can be known a priori or not (S usually nof...)

— Example: assume B is known, use measured n to find out about S.

16 / 55



Multiple counting bins

Count in bins of a variable = histogram n, ... n,,. o - normaised to ttal Bkg, _
) & go ATLAS ¢ Data [HtH =

(N : number of bins) Per-bin fractions (=shapes " e B B L
of Signal and Backgroun " P v O cign

60 P! € [450,0) GeV []Other 77 Uncertainty 3

F Pre-Fit

Voo -
e_(SfS’i-l-BfB’i)(st,i+BfB,i)ni : Y

ST = //////

POISson d|S‘|‘|’|buf|on in eqch bln 086 065 07 075 08 08 09 095 1

Higgs candidate DNN-tagger P(H)

~
p
-~
——
v,

vy
—

[l
—=

Py
Il
[y

_;

Shapes f typically obtained from simulated events (Monte Carlo)

— HEP: typically excellent modeling from simulation, although some
uncertainties need to be accounted for.

However not always possible to generate sufficiently large MC samples
MC stat fluctuations can create artefacts, especially for S « B.
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Model Parameters

Model typically includes:

* Parameters of interest (POls) : what we want to measure
-3, .m,, ..

* Nuisance parameters (NPs) : other parameters needed to define the model
— Background levels (B) “: normalised to total Bkg.

@ 1200 T T T T T T T T T T T T T[T T [T T[T
i sig bkg 3 - ATLAS ¢ Data [HttH
— For binned dCITCI,f i 'f i i L {s=13TeV,139fb" -tiH* [+ 210

1000[~ Dilepton BmtH Ot + >1c 7

[ SR Mt +Vv Oti+light ]

- Pre-Fit [ ]Other 77 Uncertainty -

800+ -

NPs must be either: s00l, )

— Known a priori (within uncertainties) or
— Constrained by the data

400

200

0

////////////%////

Higgs boson candidate P, [Ge‘18 / 55



u L} (2] of T T T T T
Cateaories arXiv:i2111.06712 § [ anas eDaia  WH Wi+
@ 45k =13TeV, 1391 mH Ot + 21c @t+V
E Dilepton [Jtf + light []JOther ./ Uncertainty

[ Post-Fit
10*E

Multiple analysis regions often used. | -—
— Exploit better sensitivity in some regions T

102

10

' - 1
Here 7 regions: g ;-91//,,.//,#///*//#////%/// VO ——
— 4 Signal Regions (SR) split in p,(Higgs) R P L S
lg)Gel/ 20'200)6 OQSOO)GGVOQ%)G@I/

normallsed to total Bkg

@ 1200 T T T T T T
3 [ ATLAS ¢ Data .ttH
w L Vs=13TeV,139fb" --tiH* [t +=>1b
1000~ Dilepton WtH [t +>1c
L SR mti+V Jtf+light |
- Pre-Fit []Other 77 Uncertainty
800} — ey m .
- ; Better sensitivity at high p.
¢

— lower B backgrounds, higher S/B

Backgrounds levels obtained from
simulation here

g :é//// ////////////////‘ — Large uncertainties!

nggs boson candldate P, [GeV]
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https://arxiv.org/abs/2111.06712
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E Dilepton [Jtf + light []JOther ./ Uncertainty
Post-Fit

10% E

Multiple analysis regions often used. -—
. . , . 10°E I
— Exploit better sensitivity in some regions e

. 10°
— Constrain NPs: Confrol regions for bkgs
10
' - 1
Here 7 regions: E ””‘””“””*‘/”#///*’//W//// R —
— 4 Signal Regions (SR) split in p.(Higgs) 2 " ms[jgz‘z o [Zoij pﬁs,;’(}:z " [f)of:{ oy Ry
] ) 00) Ge 00)(; %) Gel/
— 3 Background Control Regions (CR) ”
o 1200 “nomlised fo total Bkg. o 1200
=tk dmas | I¢ Data [tH 5 [ ATLAS ¢ Data WTH
D [ fs=13Tev,139fb" - fiH* [+ =1b - 1000 i0 S o, TP .:tHH Eg"f}b -
1000/~ D|Ie[?ton MtH |:|tE+ >1c a i SFEE Mt + v \jtfil?gr?t ]
B SR Ott+v |/:|tt+light. 7 r Pos:(tbFlt []Other 72 Uncertainty
- Pre- Flt []Other 72 Uncertainty N 800~ -
i Signal regions only - Include Back a
i ] ackgrounds ]
.
600} 4 Background CRs
i Backgrounds from 9 frorTw control -
400 simulation (large - regions
2 uncerfainties!) |
200 - W RN R ...
-8' 0_ Ta— § 1.2&: E://// st Ay /////*////4//////////%////%//////5
2 1255 : E
a // 8 075¢ E
s 07;/7/  Z // 7 0% ~"f00 200 300 400 500 _ 600
o Higgs boson candidate P, [GeV]

o 50 500 600

nggs boson candldatep [GeV] Signdl + Bkg regions 20 / 55


https://arxiv.org/abs/2111.06712

] ' [%) T T T T T
Cateaories arXiv:i2111.06712 § [ anas some W @i
@ 45k =13TeV, 1391 mtH Ot +>1c @ti+V
E Dilepton [Jtf + light []JOther ./ Uncertainty
Post-Fit

10*F

Multiple analysis regions often used.
— Exploit better sensitivity in some regions
— Constrain NPs: Confrol regions for bkgs

10°

107

10

Here 7 regions: gi ;j ////‘///%Té///*///%%/w//.//// %fwy,—fﬁfw,./.H,T_,.H,._MH

— 4 Signal Regions (SR) split in p,(Higgs) 5 T e e et e O
. 20 Gey, 200 79006, ) Goy

— 3 Background Control Regions (CR) o

= Combined PDF . PDF for category k

N s i

P(s;(nM)=tne) = ] Pk(s;{na”},.:l,__,,(k)
k=1

*°* "Tevts evts

No overlaps between categories = No stafistical correlations
= can simply take product of individual PDFs.
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Systematic Errors

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.



Systematic Errors

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



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

¢ Data [IttH

Systematics

Events
>
uE
>
(7}

L Vs=13TeV,139fb" ---tiH* [t +21b
1000— Dllepton WiH [t +21c .

L SRS Mtt+ V [t + light ]

- Pre- F|t [[]Other 7Z Uncertainty -

8001—

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

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

— |deally, constrained by data like the POI

0

D

05

Data / Pred.

2 300 400 500 600

And systemqtics ? Higgs boson candldatep [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

L ( n, 0, data) = Lmeasurement(u ,0; data) C ( 9) 'Systematic uncertainty is, in any
* 4 A statistical inference procedure,
. NP Consiraint the uncertainty due to the
Systemahcs Mﬁg;ll“:{,‘%nggnt term incomplete knowledge of the
POI NP probability distribution of the
observables.
G. Punzi, What is systematics ?
C(0) represents external knowledge about the NP 23

/


https://www-cdf.fnal.gov/physics/statistics/notes/punzi-systdef.ps

Frequentist Systematics

Prototype: Systematics NP — measured in a separate auxiliary experiment
e.g. background levels

— Build the combined PDF of the main+auxiliary measurements

Independent

(e . AUX. data) measurements:
’ = just a product

P(n,0;data) = P

main

(u,@;main data) P

aux

Gaussian form often used by default: P, (6;aux. data) = G(6°*;0,0,)
In the combined likelihood, systematic NPs are constrained
— Now same as NPs constrained in data.

— Offten no clear setup for auxiliary measurements
(e.g. theory simulation uncertainties)
— Define constraints “by hand” ("pseudo-measurement”)



Statistical model, the full version
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ATLAS Higgs Run 1 Combination Model

Atlas Higgs combination model (23.000 functions, 1600
parameters)

Model has ~23.000 function objects, ~1600 parameters
Reading/writing of full model takes ~4 seconds
ROOT file with workspace is ~6 Mb

W. Verkerke, SOS 2014 26 / 55



https://indico.in2p3.fr/event/9742/contribution/16/material/1/0.pdf

HEP Statistical Inference :
Confidence Intervals

27155



Using the PDF

Model describes the distribution of the observable: P(data; parameters)

P(S=5) ‘ 2,5,3,7,4,9, ...

Each entry = a separafe

provide parameter Generate pseudo-data “experiment”
values

We want the other direction: use data to get information on parameters

-

THE observed data

P(S=>?)

Estimate



Maximum Likelihood data

= ¥
S 25"
Define likelihood L(p) = P(data; p) =~ 2'_
= Implicitly a function of the data *;éJ
O 1.5t
Estimate p as 1
. 0.5/
u=argmaqu(u) :
Or
"Best fit” of model to data —0. gs' Lél' ';é* ';2'"' ‘1"'0' 3 '1""2' - 'é"'4 5
Observed data (n)
Several good properties: o
« Asymptotically Gaussian P(ﬁ,) oc exp|— (uz_uz ) forn & o
O
b

 Asymptotically Unbiased \

« Asympfotically Efficient: o is the lowest possible

n-)oo

* Always consistent i >nwn
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Maximum Likelihood

Normalized events per GeV

300:rf+

200
1501
100
501

o
2501 +++Hﬂ

110

120

130 140 150 160
m (GeV)

Multiple Gaussian bins:

cr2

nu.

Au) =—2log L(w Z

LT
I
j—

Maximum likelihood
< Minimum x?
< Least-squares minimization

However typically need to perform non-linear minimization.

HEP practice:

« MINUIT (C++ library within ROOT, numerical gradient descent)

« scipy.minimize — using NumPy/TensorFlow/PyTorch/... backends
— Usual methods — gradient-based, efc.



Maximum Likelihood

Normalized events per GeV
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Uncertainties Science 376, 170-176 (2022), 8

— Total uncertainty

Stat. uncertainty

Tevatron I combination : Py
PRD 70 (2004) 092008

DO II B g
PRL 108 (2012) 151804

LEP combination ; Py
Phys. Rept. 532 (2013) 119

ATLAS ...
EPJC 78 (2018) 110

LHCb i
JHEP 01 (2022) 036

CDF 11
| Science 376 (2022) 170 N

Electroweak Fit (J. Haller et al.)
EPJC 78 (2018) 675

Electroweak Fit (J. de Blas et al.)
arXiv:2112.07274

80100 80200 80300 80400 80500
my, [MeV]

My = 80,433.5 + 6.4y £ 6.9y = 80,433.5+94 MeV/c?



https://www.science.org/doi/10.1126/science.abk1781

Gaussian confidence intervals

Consider a Gaussian

= 7 ikelihood:
S 2.5 1(n—p|)
‘;U ] E L(u) — €xp _E O
< 2
& . |
O 1.5 Plu—o<n<u+o0)=683%
1 I
055 Pln—o<p<n+0)=683%
F still a statement on n!
0
—0.5%

—54—3—21012345
Observed data (n)

wu=n=+o at 68.3% CL(10)

This interval will contain the true py value 68.3% of the time (“10”) -

/
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Gaussian confidence intervals

Consider a Gaussian

=z I likelihood:

205 L{n—p)
Tg ] L(u) — €xp _E O

© 2

S,

O 1.5 Plu—o<n<u+o0)=683%

|

Pln—o<p<n+0)=683%
Still a statement on n!

0Bl

Observed data (n)

wu=n=+o at 68.3% CL(10)

This interval will contain the true py value 68.3% of the time (“10”) -

/



Gaussian confidence intervals

Frequentist interpretation

If we would repeat the same
experiment mulfiple fimes,
with true value u*, then 68.3%
of the 1o intervals would
contain py*,

— Crucially, this works even if
we do not know p* !

For each experiment, get the interval

wu=n=+o at 68.3% CL(10)

This interval will contain the true p value 68.3% of the time (“10”)

33
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General case: Likelihood Intervals

Confidence intervals from L:

* TJest various values p using the
Profile Likelihood Ratio t(u)

* Minimum (=0) for u=[

Probability to observe the data for a
given p. Use conditional best-fit 8(p)
of the NPs for this p.

* Likelihood ratio universally most A
powerful test for simple hypotheses ¢ ( ) — —21o L ( u,0 (M) )
(no NPs, single POI values), also W)= 8 I ( A é)
used in other cases U,

. ATLAS-CONF-2017-047 . f
2 T amaseemnay | T Probability to observe the data
R e L — Hosyy N for 1. Use best-fit 8 for the NPs.

o e

5l |

:, Gaussian L(y):

, « Parabolicin

1 e« Minimum occ=ursat p=j

« t(u) distributed as a x?

' « lointerval [u_u ] givenbyt(u)=1 34
—e— 4 =1.09 £0.12 } /


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-047/

General case: Likelihood Intervals

Confidence intervals from L:

+ Test various values p using the t (u) = —2log L ( U, (Au) )
Profile Likelihood Ratio t(u) L( i, 0)

* Minimum (=0) for u=[

* Likelihood ratio universally most General case:

powerful test for simple hypotheses  « Generally not a perfect parabola
(no NPs, single POI values), also « Minimum still at p = i

used in other cases « Distribution of t(u) ?
ATLAS-CONF-2017-047

% j_ :‘ETLTS'ST:G';:'E‘:V  — Combinaton l_ Asymptotic approximation
sl HoryandHozz il o « Compute t(u) using the exact L(u)
L e i « Assume t(u) ~ x2 as for Gaussian
4 (”Wilks’ Theorem?™)
3 « 1o interval [u_u_ ] given by t(pi)= ]
2 « Can also obtain exact intervals using
1 pseudo-dataset sampling (“foys”).

. ] but generally not needed and rorely
—=— 4 =1.09 £0.12 done. ,



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-047/

2D Example: Higgs o, . vs. O_ .

ATLAS-CONF-2017-047

E‘ :I [ | [ [ | | L | Itl<||2 3|0| I | | | | T 1T 1 | | L t = —210g L(XAO,-YAO)
2 40" —— Combined 68% CL < 500 ATLAS Preliminary L(X,Y)
w L : < o. -1 -
M | asssa=s 0, = —

S 35F Combined 95% CL /s =13 TeV, 36.1 fb =y ~%*(N, =2) g
L H—yy 68% CL H—yy and H—ZZ*—4l -1 " QoF.VBF 2

30/ -ieie: H>ZZ*—4] 68% CL m,, = 125.00 GeV, ly |<25 — ¢

- 4 Bestfit 112 g

25 _ IPRAE PN T g mmm R ., g_

~ I SM prediction g N

: ; 'Ql 'O “ E

20 — Y .’.’. . 15
e e + m :

— R S LN . ] :

10 S : — )

- 5 m VBF ¢

5 ,.,.,,-----.','.',:-,,-.,..w_,._,;.:;_ _"___'_'_'_'_-,Al... = 5

- SM . 2

B 11 1 | | 11 11 | 1 1 1 1 | 1l 1 1 1 | I I | | | 11 | | I I | | 11 1 1 8

10 20 30 40 50 60 70 [ 6‘50 - :

) g9 c

68% (10)  95%  95.5% (20)| oo IP°; -

] 3.84 4 Gaussian case: elliptic :
2.30 5.99 6.18 paraboloid surface 56

~~


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-047/

Reparameterization

Start with basic measurement in terms of e.g. oxB

— How tfo measure derived quantities (couplings, parameters in some theory
model, etc.) ? = just reparameterize the likelihood:

e.g. Higgs couplings: o

g [PO]

ggF’

OggF_) O~ggF (KV ’ KF)
L (oggF ) GVBF)
Oygr ™ Oypr (KV ) KF)

: T T | T T 171 | LI | T T T T | T T T 1 | T T T T I T T T T | LI
40" —— Combined 68% CL ATLAS Preliminary
35 EENGLEREY Combined 95% CL Vs =13 TeV, 36.1 fb’! =

g H—>yy 68% CL H—yyand H—ZZ*—4] -
30 o H—ZZ*—4] 68% CL m,, =125.09 GeV, [yH|<2_5 =

- 4 Bestfit ]
251 IRCTEITIE =

— [ SM prediction ]
20 : =
1o R & E
1ol o % ~~~~ =

; f_ u.,,,,,,,,,,:,.,:.-.'..'.n,._",,_,‘_.._.._. """'_'_'_'_-.»t.: ..... _f
C SM 7
C 11 | Il 1 1 1 | 11 1 1 | | | | 11 | | | | I | | | 11 1 1

10 20 30 40 50 60 70 80

g--|—

2.5

1.5

0.5

O, Sensifive fo Higgs coupling modifiers K, ,, K..

'

> L(OggF(KV)KF)’GVBF(KV)KF)) = L'(KV’KF)

| T T | T T T T | T T T T | T T T T | T T T T | T T T T | T T T T | T T
% SM prediction ATLAS Preliminary
-+ Bestfit Vs =13 TeV, 36.1 fb |
_— Combined 68% CL H—yy and H—ZZ*—4l —_
| mmeees Combined 95% CL 195.09 GeV _
T H—>yy 68% CL My = 1895958 .
IV H—ZZ*—>41 68% CL _.e=" "~ . —
- + i
el | | Ll | | L

0.7 0.8 0.9 1 1.1 1.2 1.3 1.4



Example: Gaussian Profiling

Counting experiment with background uncertainty: n= S + B ;
— Signal region (SR): n__ ~G(S + B, 0

_ sa) L(S,B) = G(ng,;S + B,0,) G(B,,;B,0y)
— Control region (CR): B__ ~ G(B, O

bkg)

Recall: Signal region only (fixed B): ¢, =

stat

— Compute the best-fit (MLEs) for S and B
— Show that the conditional MLE for B is

A 2

B(S)= B, +——%_(§—s)
(0} +Gbkg

stat

— Compute the profile likelihood t
— Compute the 1o confidence interval on S

—_ 2 2 — 2 2
S = (nobs_Bobs) + Jostat + 0-bkg Os = JGStat + Gbkg

Stat uncertainty (on n) and systematic (on B) add in quadrature "

/



Uncertainty decomposition

No systematics NPs included : statistical uncertainty only
All systematics NPs included: stat+syst uncertaintes

2In A\

ATLAS

H — yy, m,=125.09 GeV

\

— Total — Theory

— Stat

10 intervals

Subtraction in quadrature

_ 2
Gsyst,tot E Jototal — O

2
stat

1

0.7 0.8 ' 0.9

1 111 12 £ 13

y 1.4

u = 0.99 + 0.12 (stat) + 0.06 (syst) + 0.06 ( theo)




Profiling issues

Systematics are described by NPs
included in the fit. Define pull as

(0-06,)/ o,

Nominally:

* Pull=0:ie. the pre-fit expectation
* Pull uncertainty = 1 : from the Gaussian

However fit results may be different:

« Central value # 0: some data feature

differs froon MC expectation
= Need investigation if large

- Uncertainty < 1 : effect is constrained
by the data = Needs checking if this

legitimate or a modeling issue

— Impact on result of + 10 shift of NP

dllows to gauge which NPs matter most .

ATLAS-CONF-2016-058

Pre-fit impact on p:

Au
0,=+A0 | 8=A0 54 02 0 02 04
Post-fit impact on p: L L B I A e L
6,=+AB 0,=-AB | ATLAS Preliminary

—e— Nuis. Param. Pull s =13 TeV, 13.? fo

Jet-vertex association ' _ 4
200Thad/3¢ non-prompt sample variation L
ttH acceptance (QCD scale) Q
200Tha9/3€ non-prompt e transfer factor j @ I
Pileup modeling &
281ThHag non-prompt normalization 9

ttH cross section (QCD scale) *

ttW acceptance (QCD scale) ‘ : @

Jet Energy Scale variation 1

HW acceptance (NLO vs LO) : : &
280Thgg/3¢ non-prompt p transfer factor ‘ .:
#W cross section (QCD scale) : &
Luminosity ‘ +
2£0THag €M non-prompt CR stat. : @
Jet Energy Scale (flavor composition) : &

IIIIIIIIIiIIIIlIIIIiII\I|\II\:IIIII|IIII
<2 -15 -1 -05 0 05 1 15 2

(6-6,)/A0

40


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2016-058/

Prof"ing iIssues 13 TeV single-t XS (arXiv:1612.07231)

-06 -04 -02 0 02 04 06
Systematics are described by NPs "|"'|"'|"'|~'|m|w|~‘

included in the fit. Define pull as
Parton Shower generator W

(6_ 60) / O@ JES: flavour composition %

Nominally: JES: Efft // 5

 Pull = 0:i.e. the pre-fit expectation — //

e Pull uncertainty = 1 : from the Gaussian — /
i / E

Wt ME generator

However fit results may be different:

JES: nintercal. model

« Central value # 0: some data feature //
differs from MC expectation or cemelvae %
= Need investigation if large JES: pileup p /

i Unceﬂ'CIini'y < ] . effeCT iS COﬂSTI’OiﬂGd b-jet efficiency scale fac. 0
by the data = Needs checking if this
legitimate or a modeling issue

ATLAS —

{s=13TeV, 3.2 fb™! Pre-fit Impact on p

7///4 Post-fit Impact on n

|||||||||||||I|IIII|IIII|IIII
— Impact on result of +10 shift of NP s {;_%%g

dllows to gauge which NPs matter most . /



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2016-058/
https://arxiv.org/abs/1612.07231

Profiling issues 8

Pre-fit

JES

Too simple modeling can have unintended effects '
— e.g. single Jet E scale parameter: Post-fit
= Low-E jets calibrate high-E jets — intended ?

.

Jet E
Two-point uncertainties:

— Interpolation may not cover full configuration space
= Can lead to too-strong constraints

Typical examples: simulation uncertaintfies ("PYTHIA vs. HERWIG")

Pre -fit constraint Post -fit constraint

Nature
(

|
\ @ Sherpa

. Pythia
Pythia Nature

@ Sherpa Next years (O

Nextyears O generator

generator Herwig

W. Verkerke, SOS 2014


https://indico.in2p3.fr/event/9742/contribution/16/material/1/0.pdf

Profiling issues s procsi

JES

Too simple modeling can have unintended effects
— e.g. single Jet E scale parameter:
= Low-E jets calibrate high-E jets — intended ?

7

Dost-fit

.
Jet E
Two-point uncertainties:
— Interpolation may not cover full configuration space
= Can lead to too-strong constraints
Typical examples: simulation uncertainties ("PYTHIA vs. HERWIG™)
Pre -fit constraint Post -fit constraint
. Pythia /
Pythia o Nature | r\ﬂh
@ Sherpa Nextyears (O erpa
Nextyears (O generator HH
generator
W. Verkerke, MS 2014 41


https://indico.in2p3.fr/event/9742/contribution/16/material/1/0.pdf

Systematics
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Impact of Systematics

L(M ’{ej}j=1...an;

i=1...n

{ ngk) }k= 1...1‘:}“(;;, { e}’bs}j= 1V

> O . - '/\
[T P{nsne..(8) Noi(8) + B, (6)] [T 6(6575651)

AN

!

Bin Yields or
Observable
values

POI

AN

Pseudo-

Data

experiments

\

Sig/Bkg Shapes,
efficiencies

MC

Expected
bin yield

J

!

NPs

Systematics

Auxiliary
Data

x humber of categories!

43
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Impact of Systematics

Key ingredient: impact of systematics
on signal and background yields

NS,i,k(Bj) = N,k ]___[ (1+ 5i,j,k01')
j




Accounting for Systematics

SciPost Phys. 8, 090 (2020)

Effects to account for:

« Training/test data not representative of real data (mismodeling)
— Typically covered by MC systematics: variations in the MC sample

describing a range of possible models.

« Limited size of training dataset - Covered by "MC stat” uncertainties

Issues here = bias
= Need 1o cover
with uncertainties

Vo

Test “data”
(typically MC
or CR)

Real data

|

Training “data” «—
(typically MC or CR)

Issues here = inefficiency
= Less problematic, but
reduce performance

\

Multivariate
Classifier

Nominal event
yields

Measured
yields


https://scipost.org/SciPostPhys.8.6.090

Randomness in High-Energy Physics

Experimental data is p[oduced by incredibly complex processes

Decays

Hard scattering

Detector response

PDFs, Parton shower, Pileup

Reconstruction
Image Credits: s BT
S. Héche, - i\
SLAC-PUB-16160

Randomness involved in all stfages
— Classical randomness: detector reponse
— Quantum effects in particle production, decay

Data/MC

1

ok

Step 4

‘ . —e— Data 2015
ATLAS — Mil?iiets

C_IMy=25TeV,M, =9 TeV

\(§=13Tev,JLdt=3.0fb“ E
n,>6 =

jet =



https://arxiv.org/abs/1411.4085

Modeling Systematics

*: normalised to total BKg.

g 7001 ATLAIS | |¢ Data I-tfH | E = H H i I
EF -teTev.iash! it Wisstb ] Some distributions not predicted with
6001~ Dllggton MH DtEJr?C B . .
. Postr Sloter 7 Uncerainy ] sufficient accuracy:

z E « MC modeling
| -  Detector response
] « CR statistics, CR—SR extrapolation

Error band: combination of above
Typically described by many NPs

Data / Pred.

4 5 6 7 8 >9
Number of jets

Modeling variations typically implemented through event weights:

- Nominal modeling — nominal event weight w® .

- Each variation 8, = +1 — associated event weight w .

Distributions for each case obtained by applying the appropriate weights.

Ultimately, need impact on yields: NS,,-(O,-) = Ng,i (1 T 51’,10]')
i 47



Treating ML Systematics

Nominal training data

. 4

Nominal Test data
(WO weights)

Nominal yields (N°)

Varied Test data Multivariate
(w(ii)pweighfs) Classifier

Yield variations (&)

Real data Measured yields

« “Propagate uncertainties through the DNN”
« MC stat uncertainties can be treated similarly using resampling
— Allows to properly cover for uncertainties, but optimal performance
only in nominal case (since used in fraining). 48



Parameterized classifiers Eur. Phys. J. C (2016) 76:235

- Optimize a classifier for
Training data (8) - each value of a model

’ parameters (e.g. a syst NP)

Nominal Test data

_ DNN(8,=0) Nominal yields (N°)
(WO _ weights)
Varied Test data DNN(B.—a 1 Vield varigti 5
| : =4 ield variations (3.
(W) weights) (O=21) (%)
Real data DNN(8) Measured yields

— True o = 0.02

® Use the optimal classifier for each NP value
= Retain optimal performance in each case

| e Scaling with with 18] ?
T R (in practice 18] can be 1023...) 49

SciPost Phys. 8, 090 (2020)
t


http://dx.doi.org/10.1140/epjc/s10052-016-4099-4
https://scipost.org/SciPostPhys.8.6.090

Brute force approach  95% of foys

f \

8 T 7 68% of foys
Generate pseudo-experiments (“toys”) and S . ”lkﬁ .
repeat best-fit for each case 8w 5
— Statistics: resample observed dataset g 150 5 §
— Systematics: randomize auxiliary obs. 8 ° = 7 S
Obtain intervals from quantiles of the 0L R
distibution of resultfs Best-fit Value
cat . . . - nsyst obs . .
H P’"i’ uei,k(e) NS,i,k(e) + Bi,k(e)] H G(ej 505 1)
k=1 j=1
® No reliance on asymptotic formulas
e High CPU requirements (need a fit for each of O(1000) toys)
e As before, changing syst NPs = non-optimal classifier performance
e Optimal case: need to retrain classifier for each toy ? -


https://arxiv.org/abs/1007.1727

Other approaches

Inference-aware NN (De Castro, Dorigo, Com. Phys. Comm. 244 (2019), 170-179)

— Design a NN fo directly minimize the width of the confidence interval on
the target POI

Likelihood-free inference (Cranmer, Pavez, Louppe, arXiv:506.02169).

— Typically, trained classifiers asymptoftically learn the likelihood ratio p(x|
S)/P((XIB), e.g. when using cross-entropy loss.

— Parameterized classifiers can estimate POIls without computing L.
= Bypass the profile likelihood construction, get intervals from toys ?


https://doi.org/10.1016/j.cpc.2019.06.007
http://arxiv.org/abs/1506.02169v2

(Further) Discussion,
Questions, Comments ?
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Backup
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Collider processes proton - (anti)proton cross sections

109: ! R ! L b :1n9
HEP : Poisson approximation almost 0 P — Jw
CI|WC|YS VOlid: 10° ;— Teva.tron LHC —; 10’
10° [ : | ﬁ//____ 4 10°
ATLAS : o B
- Event rate ~ 1 GHz o / P05
(L~10% cm?s'~10nb'/s, o,_~108nb,)  "F 3%
102 SRR T
. ~ | ] I
Trigger rate ~ 1 kHz .E ok § IR
. i : | | ] 0
(Higgs rate ~ 0.1 Hz) 0 10 Ly €M 00GeY) | >< J10 -
>p~10°<1(p,,_,~10") 10" 5 T > Jw @
I : i ' i )
A day of data: N ~ 10" > 1 0°F ' 1 €
10° - /é 410° %
. , . , 10° | B T
= Poisson regime! Similarly true in many e V{
-5 = a - N
other physics situations. T . ; 3"
. . 10° b T SnadanTe 14 10°
Large N = design requirement, fo geft F iseons : SR b
107 Ll S ——— —1 107
not-foo-small A=Np... 0.1 1 10
Vs (TeV)
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Bayesian methods

Probability distribution (= likelihood) :

— Same as frequentist case, but freat systematics by marginalization, i.e.
integrating over priors, instead of profiling:

 Integrate out 6 o get P(u):  P(u) = [ P(u,0)C(6) do

— Use probability distribution P(u) directly for limits & intfervals

e.g. 68% CL (*Credibility Level”) interval [A, B] j P(u)n(p)dp = 68%

P(u)
P(n)

where 1(J) is the prior on . Uses Bayes’ Theorem: P(uln) = P(n|u)

e No simple way to test for discovery
e Infegration over NPs can be CPU-infensive (buft can use MCMC methods)

Priors : most analyses use flat priors in the analysis variable(s)
= Parameterization-dependent: if flat in oxB , them not flat in couplings....
— Can use the Jeffreys’ or reference priors, but difficult in practice
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