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Searching for a new physics process

when searching for a signal

> E |
8 50 ]
£ :
G 40~ 7
H
+ :
§ s ]
fog e 120 130 140 150 160
m/Y
7l UNIVERSITYOF O o . . . . - A
BIRMINGHAM Julia Silva Non-Parametric Data-Driven Background Modelling using Conditional Probabilities



Searching for a new physics process

when searching for a signal one needs to understand the background
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Searching for a new physics process

when searching for a signal one needs to understand the background
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Searching for a new physics process

when searching for a signal one needs to understand the background
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How can we model our background?
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Modelling the background
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Modelling the background
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Modelling the background
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Modelling the background
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Modelling the background
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Modelling the background

e MCsimulation is a commonly used technique
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Modelling the background

ATLAS ttH(bb)
e MCsimulation is a commonly used technique i S
. Process modelling
o notalways possible to model the {EH modellng 4013 —0.05
. . . 4L —>1h mndn]linn
background with sufficient accuracy > i 10 NLO matching 0210 ]
. .pe . ° . tt + >1b fractions +0.12  —0.12
significant theoretical uncertainties -+ 216 FSR 1010 —011
tt + >1b PS & hadronisation +0.09 —0.08
tt + >1b p& shape +0.04 —0.04
tt+>1b ISR +0.04 —0.04
tt 4+ >1c modelling +0.03 —0.04
tt + light modelling +0.03 —0.03
tW modelling +0.08 —0.07

Background-model statistical uncertainty +0.04 —0.05
b-tagging efficiency and mis-tag rates

b-tagging efficiency +0.03 —0.02
c-mis-tag rates +0.03 —0.03
l-mis-tag rates +0.02 —0.02
Jet energy scale and resolution
b-jet energy scale +0.00 -0.01
Jet energy scale (flavour) +0.01  —0.01
Jet energy scale (pile-up) +0.00 -0.01
Jet energy scale (remaining) +0.01 -0.01
Jet energy resolution +0.02 —0.02
Luminosity +0.01  —0.00
Other sources +0.03 —0.03
Total systematic uncertainty +0.30 —0.28
tt + >1b normalisation +0.04 —0.07
Total statistical uncertainty +0.20 —0.20
Total uncertainty +0.36 —0.34
arXiv:2111.06712
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https://arxiv.org/abs/2111.06712

Modelling the background

MC simulation is a commonly used technique
o notalways possible to model the
background with sufficient accuracy >
significant theoretical uncertainties

ATLAS ttH(bb)
Uncertainty source Ap
Process modelling
ttH modelling +0.13  -0.05
el badalling
I ¢+ >1b NLO matching 4£0.21  —0.20
tt + >1b fractions +0.12  —0.12
tt+ >1b FSR +0.10  —0.11
tt + >1b PS & hadronisation +0.09 —0.08
tt + >1b p& shape +0.04 —0.04
tt+ >1b ISR +0.04  —0.04
tt 4+ >1c modelling +0.03 —0.04
tt + light modelling +0.03 —0.03
tW modelling +0.08 —0.07
Background-model statistical uncertainty +0.04 —0.05
b-tagging efficiency and mis-tag rates
b-tagging efficiency +0.03 —0.02
c-mis-tag rates +0.03 —0.03
l-mis-tag rates +0.02 —0.02
Jet energy scale and resolution
b-jet energy scale +0.00 -0.01
Jet energy scale (flavour) +0.01  —0.01
Jet energy scale (pile-up) +0.00 -0.01
Jet energy scale (remaining) +0.01 -0.01
Jet energy resolution +0.02 —0.02
Luminosity +0.01  —0.00
Other sources +0.03 —0.03
Total systematic uncertainty +0.30 —0.28
tt + >1b normalisation +0.04 —0.07
Total statistical uncertainty +0.20 —0.20
Total uncertainty +0.36 —0.34
arXiv:2111.06712

ATLAS VH(cc)
Source of uncertainty IV H(cE)
Total 15:3
Statistical 10.0
Systematic 11.5
Statistical uncertainties
Signal normalisation 7.8
Other normalisations 5.1
Theoretical and modelling uncertainties
o) 21
I Z + jets 7.0 I
Top quark 39
W+ jets 3.0
Diboson 1.0
VH(— bb) 0.8
Multi-jet 1.0
Simulation samples size 4.2
Experimental uncertainties
Jets 2.8
Leptons 0.5
Emiss 0.2
Pile-up and luminosity 0.3
Flavour tagging c-jets 1.6
b-jets 1.1
light-jets 0.4
T-jets 0.3
Truth-flavour tagging AR correction 33
Residual non-closure 1.7

arXiv:2201.11428

UNIVERSITYOF
BIRMINGHAM

Julia Silva

Non-Parametric Data-Driven Background Modelling using Conditional Probabilities

13



https://arxiv.org/abs/2201.11428
https://arxiv.org/abs/2111.06712

Modelling the background

MC simulation is a commonly used technique
o notalways possible to model the
background with sufficient accuracy >
significant theoretical uncertainties

o  Often computationally costly to
produce large samples - significant
statistical uncertainties

ATLAS ttH(bb)
Uncertainty source Ap
Process modelling
ttH modelling +0.13 —0.05
tt + >1b modelling
tt + >1b NLO matching +0.21  —0.20
tt + >1b fractions +0.12  —0.12
tt+ >1b FSR +0.10  —0.11
tt + >1b PS & hadronisation +0.09 —0.08
tt + >1b p& shape +0.04 —0.04
tt+ >1b ISR +0.04  —0.04
tt 4+ >1c modelling +0.03 —0.04
tt + light modelling +0.03 —0.03
Jino 008 007
| Background-model statistical uncertainty +0.04 —0.05
-tagging efficiency and rTllsAtag rates
b-tagging efficiency +0.03 —0.02
c-mis-tag rates +0.03 —0.03
l-mis-tag rates +0.02 —0.02
Jet energy scale and resolution
b-jet energy scale +0.00 -0.01
Jet energy scale (flavour) +0.01  —0.01
Jet energy scale (pile-up) +0.00 -0.01
Jet energy scale (remaining) +0.01 -0.01
Jet energy resolution +0.02 —0.02
Luminosity +0.01  —0.00
Other sources +0.03 —0.03
Total systematic uncertainty +0.30 —0.28
tt + >1b normalisation +0.04 —0.07
Total statistical uncertainty +0.20 —0.20
Total uncertainty +0.36 —0.34
arXiv:2111.06712

ATLAS VH(cc)
Source of uncertainty IV H(cE)
Total 15:3
Statistical 10.0
Systematic 11.5
Statistical uncertainties
Signal normalisation 7.8
Other normalisations 5.1
Theoretical and modelling uncertainties
VH(— cc) 2.1
Z 4 jets 7.0
Top quark 39
W+ jets 3.0
Diboson 1.0
VH(— bb) 0.8
Multi-jet 1.0
| Simulation samples size 4.2 I
xperimental uncertainties
Jets 2.8
Leptons 0.5
Emiss 0.2
Pile-up and luminosity 0.3
Flavour tagging c-jets 1.6
b-jets 1.1
light-jets 0.4
T-jets 0.3
Truth-flavour tagging AR correction 33
Residual non-closure 1.7

arXiv:2201.11428
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Modelling the background

ATLAS ttH(bb) ATLAS VH(cc)
. o . . talint A
e MCsimulationisacommonly used technique  Uncerteinty source f Source of uncertanty vnen
. Process modelling
o notalways possible to model the {EH modelling 1013 005 Tow 153
. .. el bmadolling Statistical 10.0
background with sufficient accuracy » L 210 NLO matching 2021020 ] sysemaic s
. .o . . . tt + >1b fractions +0.12  —0.12 Statistical uncertainties
significant theoretical uncertainties t+>10 FSR W10 0L g tion .
. tt + >1b PS & hadronisation +0.09 —0.08 R ——_— 51
o  Often computationally costly to {F+>1b phf shape w004 oo R : » '
ti+ >1b ISR 1004 —0.04 eoretical and modelling uncertainties
produce large samples - significant t + 21c modeling 1 —opk LS .
tt + light modelling +0.03  —0.03 Z + jets 7.0
P H H tW modelling +0.08 —0.07 Top quark 3.9
StatlStl ca " unce rta 1 ntles Background-model statistical uncertainty +0.04 —0.05 W + jets 3.0
b-tagging efficiency and mis-tag rates Diboson 1.0
b-tagging efficiency +0.03 —0.02 VH(— bb) 0.8
c-m‘is—tag rates +0.03 —0.03 Multi-jet 10
l-mis-tag rates +0.02 —0.02 . R .
. Simulation samples size 4.2
Jet energy scale and resolution R .
b-jet energy scale 4000 —0.01 Experimental uncertainties
Jet energy scale (flavour) +0.01  —0.01 Jets 2.8
Jet energy scale (pile-up) +0.00 —0.01 Leptons 0.5
Jet energy scale (remaining) +0.01 -0.01 E.lrf‘i‘“ 0.2
Jet energy resolution +0.02  -0.02 Pile-up and luminosity 0.3
Luminosity +0.01 —0.00 Flavour tagging c-jets 1.6
° ° Other sources +0.03 —0.03 :
These uncertainties become more and more — e L
. Total systematic uncertainty +0.30 —0.28 light-jets 0.4
relevant as larger datasets become available R p—— ol o0 e 03
Total statistical uncertainty +0.20 -0.20 e ARAcorrcctmn 2
Residual non-closure 1.7
Total uncertainty +0.36 —0.34
arXiv:-2111.06712 arXiv:2201.11428
|
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Searching for H->yy
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e Backgrounds arising from di-jet, jet+photon and di-photon processes
e Both experiments use parametric models
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Spurious Signal

® ATLAS performs “spurious-signal” calculations
o Testfor bias in signal extraction arising from choice
of functional form
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Spurious Signal
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3 4001
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e ATLAS performs “spurious-signal” calculations £ 350 --- Background model
o Testfor bias in signal extraction arising from choice z - + il
of functional form ﬁ \ +
250 \

o Fitbackground-only Monte Carlo samples with S+B
model for different background models: 200
m  No backgroundin sample, so take signal yield

(N,,) from fit as estimate for bias for specific L
model being tested "

m  Ultimately pick model with lowest N_,
50
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Spurious Signal

Source Uncertainty (%)
Fit (stat.) 10
® ATLAS performs “spurious-signal” calculations Fit (syst.) 8.3
o Testfor bias in signal extraction arising from choice Photon energy scale & resolution 4.0
of functional form I Background modeling (spurious signal) 7.3 I
Correction factor 52
o  Fit background-only Monte Carlo samples with S+B Fhiotoisolaneiefficensy 46
: Pil 1.9
model for different background models: e _
No back di l take sienal vield Photon ID efficiency 1.3
u o background in sample, so take signal yie Tereiidney oy
(N,) from fit as estimate for bias for specific Dakitz Decays 04
model being tested Theoretical modeling i
m  Ultimately pick model with lowest N_, Diphoton vertex selection 0.1
H NSP ta ken as Systematic uncertainty Photon energy scale & resolution 0.1
Luminosity 2.0
Total 14

ATLAS-CONF-2018-028
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Discrete profiling method

® CMS uses the discrete profiling of ensemble of parametric forms [arXiv:1408.6865]
o  Choice of functional form treated as a discrete nuisance parameter
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Discrete profiling method

® CMS uses the discrete profiling of ensemble of parametric forms [arXiv:1408.6865]
o  Choice of functional form treated as a discrete nuisance parameter
o  Minimum envelope of individual likelihood scans gives overall likelihood profile
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Discrete profiling method

® CMS uses the discrete profiling of ensemble of parametric forms [arXiv:1408.6865]
o  Choice of functional form treated as a discrete nuisance parameter
o  Minimum envelope of individual likelihood scans gives overall likelihood profile
o  Correction to penalise models with more parameters
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Beyond parametric methods

e Some conceptual and practical complications:
o Spurious signal calculations
m Usesamples that were considered not reliable to model the background
m Need high statistics samples, which are not always available
o Discrete profiling method
m Dealing with common systematic effects across categories
e All possible combinations of each function in each category must be fitted
e Approximations have to be taken

e Today will present a novel non-parametric data-driven background modelling technique
o 2differentimplementations through :
m ancestral sampling (exemplified with H>dy case study)
m generative adversarial networks (exemplified with H>Za case study)

arXiv:2112.00650
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Non-parametric data-driven background modelling
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Non-parametric data-driven background modelling

Obtain sample of data events enriched in background by relaxing event selection requirements (Generation Region)

1.

Data Candidates
( Generation Region \

Relay
Selecﬁo i

25
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Non-parametric data-driven background modelling

1.
2.

Obtain sample of data events enriched in background by relaxing event selection requirements (Generation Region)

Obtain conditional PDF of relevant variables (x1, x2,..., xn)

Data Candidates
/ Generation Region \

e’eCl‘ion

Re|
5o Sax

'

(X7, X9, .. .5 X)) ||
nD—Pﬂ
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Non-parametric data-driven background modelling

Obtain sample of data events enriched in background by relaxing event selection requirements (Generation Region)

Obtain conditional PDF of relevant variables (x1, x2,..., xn)

1.
2.
3.  Generate sample of pseudo-candidates
Data Candidates Pseudo-Candidates
/ Generation Region \ (Generation Region\
]
(%]

(./\'] 3 X2y ey X”) | I (.X{). xé).‘ .... X l/'))
ﬂ K J

nD-P

Non-Parametric Data-Driven Background Modelling using Conditional Probabilities

Julia Silva
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Non-parametric data-driven background modelling

ool o

Obtain sample of data events enriched in background by relaxing event selection requirements (Generation Region)

Obtain conditional PDF of relevant variables (x1, x2,..., xn)

Generate sample of pseudo-candidates
Apply Signal Region requirements to pseudo-candidates sample

Pseudo-Candidates

Data Candidates
f Generation Region \ (Generation Regionx

s ()
TS o >
o o]
x2 TR

[ <
2 =

nD-P

(), X5 - - - 5 X) [I G aud x?)

28
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Non-parametric data-driven background modelling

Obtain sample of data events enriched in background by relaxing event selection requirements (Generation Region)
Obtain conditional PDF of relevant variables (x1, x2,..., xn)

Generate sample of pseudo-candidates

ool o

Apply Signal Region requirements to pseudo-candidates sample - obtain PDF of discriminant variable for statistical analysis

Data Candidates

Pseudo-Candidates
f Generation Region \ (Generation Regionx

{ )
x G @
ol ()
(]
x 3 &
(%] o
>

~
; IPDF of discriminant variable
(), X9 - X,) (b -5 - SO 9]
\ nD—Py &
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Non-parametric data-driven background modelling

Obtain sample of data events enriched in background by relaxing event selection requirements (Generation Region)
Obtain conditional PDF of relevant variables (x1, x2,..., xn)

Generate sample of pseudo-candidates

ool o

O

Apply Signal Region requirements to pseudo-candidates sample - obtain PDF of discriminant variable for statistical analysis
Intermediate Validation Regions to check method

Data Candidates

Pseudo-Candidates

(Generation Regionx

()
o
®
2
o
3

B

IPDF of discriminant variable

\ (A{ xé’,...,x,’,’) J
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Ancestral Sampling
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Case Study: H>®y

-  H->¢(K'K)y suggested as probe of Higgs coupling to strange quark (arXiv:1406.1722)

BR(h — ¢) = (2.31 £0.035, £0.115_,,,) - 1078
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Case Study: H>®y

-  H->¢(K'K)y suggested as probe of Higgs coupling to strange quark (arXiv:1406.1722)
€ Distinct experimental signature: pair of collimated high-p, isolated tracks
recoiling against isolated photon

H ---e-n-
p,(leadtrk) > 20 GeV
~
O p,{trk) > 15 GeVv BR(h — ¢7) = (2.31 +£0.03;, £0.11,_,.,,) - 107
A&
J 1.012 <m, < 1.028 GeV
\)
V&
Track-based

,° Isolation

Y ©" Higgs
) gg 40 GeV, for mpy, < 91 GeV
‘/ pM > {404 5/34 x (mp, —91) GeV, for 91GeV < my., < 140 GeV
47.2GeV, for mpy, > 140 GeV

p,(y) > 35 GeV
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Case Study: H>®y

-  H->¢(K'K)y suggested as probe of Higgs coupling to strange quark (arXiv:1406.1722)
€ Distinct experimental signature: pair of collimated high-p, isolated tracks
recoiling against isolated photon
€ Main background : photon + jet and dijet
e  (difficult to model accurately using MC - ideal use case for method

H -----
p,(leadtrk) > 20 GeV
p-(trk) > 15 GeV =
(\\% T BR(h — ¢7)
J 1.012 <m, < 1.028 GeV
\)
V&
Track-based
,° Isolation
Y ©" Higgs
) gg 40 GeV, for mpy, < 91 GeV
‘/ pr 40 +5/34 x (mp, — 91) GeV, for 91GeV < myy, < 140 GeV
47.2GeV, for mpy, > 140 GeV
p,(y) > 35 GeV

(2.31 £0.03f, £ 0.115_,,) - 107°
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Case Study: H>®y

-  H->¢(K'K)y suggested as probe of Higgs coupling to strange quark (arXiv:1406.1722)
€ Distinct experimental signature: pair of collimated high-p, isolated tracks
recoiling against isolated photon
€ Main background : photon + jet and dijet
e  (difficult to model accurately using MC - ideal use case for method e@
e photon + jet MC sample used to exemplify model application

H ---e-n-
p,(leadtrk) > 20 GeV
~
O p,{trk) > 15 GeVv BR(h — ¢7) = (2.31 +£0.03;, £0.11,_,.,,) - 107
A&
J 1.012 <m, < 1.028 GeV
\)
V&
Track-based

,° Isolation

Y ©" Higgs
) gg 40 GeV, for mpy, < 91 GeV
‘/ pr 40 +5/34 x (mp, — 91) GeV, for 91GeV < myy, < 140 GeV
47.2GeV, for mpy, > 140 GeV

p,(y) > 35 GeV
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Building the model for H>®y

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

1.

Relax p.(M) and Iso(M) requirements

Region p;(M) cut | Iso(M) cut
GR X X
VR1 v X
VR2 X v
SR v v
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Building the model for H>®y

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

2.

Build PDFs of relevant variables following most important correlations
1D, 2D and 3D histograms to be sampled from in generation step

¢
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Building the model for H>®y

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

2.

Build PDFs of relevant variables following most important correlations
1D, 2D and 3D histograms to be sampled from in generation step

¢

Which variables do we need in H>¢y case?
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Building the model for H>®y

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

2. Build PDFs of relevant variables following most important correlations
€ 1D, 2D and 3D histograms to be sampled from in generation step

Which variables do we need in H>¢y case?

¢ and y 4-momentum vectors to ultimately obtain m(¢y)

+1so(d)

pT(®), pT(v), AD(d,Y), An(d,Y), Iso(D)

_> PDF of m(¢y)
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Building the model for H>®y

Relax 2. Build PDFs of kinematic and isolation variables following most important correlations
Selection € 1D, 2D and 3D histograms to be sampled from in generation step
100@
Obtain o 80 § pt(@) | pr(y)
Conditional & =
P D F ¢ Isolation 2
S 40
A(01) —20
Generate —0
pseudo e —20
candidates ”
p.(0)
—1-60
P, 19 22 -16 -80
Appl}/ — ' -100
S e le Ct ion m(e;y)  ¢lsolation  A®(9Y)  An(0w) p,(0) p(v)
gﬁ&%éﬁﬁ Julia Silva Non-Parametric Data-Driven Background Modelling using Conditional Probabilities



Building the model for H>®y

Relax 2. Build PDFs of kinematic and isolation variables following most important correlations
Selection € 1D, 2D and 3D histograms to be sampled from in generation step

100
Obtain e 80 § pt(®) | pt(y)
Conditional e B
(@]
¢ Isolation
PDFs N,
Av(o) . s —120 pT(Y) $lso
Generate —0
pseudo o) : o [ BN
candidates L
p.(0)
-60
P, -16 13 -80
Apply
Selection moy)  olsolation  A®(®Y) | An(o) | pL(0) ) =G
gﬁ&%éﬁﬁ Julia Silva Non-Parametric Data-Driven Background Modelling using Conditional Probabilities



Building the model for H>®y

Relax 2. Build PDFs of kinematic and isolation variables following most important correlations
Selection € 1D, 2D and 3D histograms to be sampled from in generation step
100;\;
Obtain o 80 pr(@) | pr(y)
Conditional 60 g
PDFS ¢ Isolation | -
Av(o) —120 pT(Y) $lso
Generate —0
pseudo e —20
candidates 40 pr(#) | pr(y) [AD(dY)
p.(0) ’
@ — 60
P, 19 . -80
Apply |
Selection moy)  olsolation  AB(Y)  Aney)  p.(0) p,(1) =G
gﬁ&%éﬁﬁ Julia Silva Non-Parametric Data-Driven Background Modelling using Conditional Probabilities



Building the model for H>®y

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

2.

Build PDFs of kinematic and isolation variables following most important correlations

€ 2D and 3D histograms to be sampled from in generation step

_.

o

S)
)

Correlation (%

m(.y)

@
o

(o))
o

A N

¢ Isolation

=40

AD(0,Y)

An(o.y)

PL(0)

19

22 -16

13

| | |
m(9y)  ¢lsolation  AD(9y) Ano.y) p(0) p(v)

pr(#) | pr(v)
pr(y) | #lso
pr(¢) | pr(y) | AD(dY)
AD(p,y) | An(eyy)
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Building the model for H>®y

Relax 3. Sample from PDFs and construct pseudo-candidates

Selection € cach pseudo-candidate is defined by the ¢ and y 4-momentum vectors, and an
associated @ isolation variable

Obtain p1(¢) pr(Y)
Conditional
PDFs

¢ =(py, N, S, m)
Generate Y= (p; N, ®, m)

pseudo
candidates Iso(¢)

Apply
Selection
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Building the model for H>®y

Relax 3. Sample from PDFs and construct pseudo-candidates

Selection € cach pseudo-candidate is defined by the ¢ and y 4-momentum vectors, and an
associated @ isolation variable

Obtain p1(¢4) pr(Y)
Conditional

I
PDFs
¢ =(p,,n, ®, m) !

Generate Y= (p; N, ®, m)

pseudo
candidates Iso(d)

p(y)

Apply
Selection
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Building the model for H>®y

Relax 3. Sample from PDFs and construct pseudo-candidates

Selection € cach pseudo-candidate is defined by the ¢ and y 4-momentum vectors, and an
associated @ isolation variable

Obtain p1(¢) pr(y)
Conditional |
PDFs
¢ =(p,,n, ®, m) ' !

Generate Y=(p; N, @, m)

pseudo
candidates Iso(d)

pT(4) pr(y) EASCAY pT(Y)

Apply
Selection
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Building the model for H>®y

Relax 3. Sample from PDFs and construct pseudo-candidates

Selection € cach pseudo-candidate is defined by the ¢ and y 4-momentum vectors, and an
associated @ isolation variable

Obtain p1(¢) pr(y)
Conditional |
PDFs
¢ =(p,, n, ®, m) ' !

Generate Y= (pT’ n, ®, m) p1(eh) pr(y) ENIEAY pr(Y)
pseudo

candidates Iso(¢) l

Apply AD(4,y) RAYICAD)
Selection
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Building the model for H>®y

Relax 3. Sample from PDFs and construct pseudo-candidates

Selection € cach pseudo-candidate is defined by the ¢ and y 4-momentum vectors, and an
associated @ isolation variable

Obtain p1(¢) pr(Y)
Conditional |

PDFs

¢ = (p,, N, P, m) ' }
+
Higgs - ®. m=0

seudo pseudo || ¥~ (P> ® m70) prid) | prty) WAEAY pr(v)
candidates candidates Iso(®) l

Apply AD(¢,y) EAY[(AY)
Selection
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Building the model for H>®y

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

3.

Sample from PDFs and construct pseudo-candidates

¢

each pseudo-candidate is defined by the ¢ and y 4-momentum vectors, and an

associated @ isolation variable
y+jet MC

m(9.y)

¢ Isolation

AD(9yy)

An(9,y)

PL©)

P.(Y)

m@y)  ¢lsolation  Ad(ey)  An(oy) p(6) p.(v)

Correlation (%)

Model

m(@.)

¢ Isolation
AD(9,)
An(o)
P.(0)

P 22 -12 12

| | |
m(oy)  ¢lsolation  A®(¢y) An(oy) P (9) p.(v)
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Building the model for H>®y

x10° x10°

318k N 1 3 { 4 1

S "t 6R e 1 [ VAt pasa N

Re l a X g 16 ; Background Model E g L Background Model i

. ‘0E)1.4:— E ‘GE)O.Sj -
Selection & 1.2F 1 & | # ]
1 g 061 B

08 - a 1

0.6; é 0.4:— N —:

0.4 ER S t .

Obtain 4. Apply p,(M) and Iso(M) A e B 7 SO
oy . . © E © L ] 1

Conditional requirements to sample of g2 ikt ‘

. = 1 "‘mﬁ seute "“f‘w*‘*‘w ' ¢ ¢ ++ﬁ++++ £ S + et WW‘MQ““*‘«* +?H' + T 4 ‘ﬂ%ﬁ

PDFs pseudo-candidates Sos Sosfii-t b

. (=] (=]

‘ Obtaln PDF Of m(¢V) for 50 100 150 200 515(4%,) [Ge?/?o 50 100 150 200 ris(g,y) [Ge?/?o

statistical analysis in Signal 3 o AN 1 Znoof o E

1.2 - £ 1

Generate and Validation Regions s F - e R S ot 4
pseudo g | | 8s00- E
. LLlo_gj — E E
candidates ook E E
r ] 300F~ =

0.4 7 200; 7

A l _ ok ‘. _ 0: | B
Selzstiin ?21 ++ ettt ++++ 4 +.++ ++ H §121 ot +++-+++++++H’++ W HT H + H ‘{
r + *oed E + 4

Sos ﬁ A H Sos H # c ﬂ- .
0 50 100 150 200 250 300 0 50 100 150 200 250 300

m(¢.y) [GeV] m(;) [GeV]
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Implementation in Statistical Analysis

->

Systematic uncertainties are provided through variations of the nominal PDFs
€ selected to capture different modes of potential deformations of the

background shape
x103

> L T T T LA L L B L L Y B L B > T T 1T T T T LA Y L B B
[0 ~ 4 [6) - |
© 2= —— Background Model G 800 —— Background Model
= 18 — Syst. p.(y) Up 3 S_ r — Syst. p.(v) Up ]
€ 7 GR Syst. p_| '(y) Down 1 £700- SR e Syst. p, '(y) Down
Q 16 Syst. A¢ Up - o F Syst. Aq) Up 1
w F Syst. A Down . W 600 Syst. Ao Down —
1.4 —— Mass Tilt Up = u —— Mass Tilt Up ]
1 21_ -------- Mass Tilt Down B 500F = N, e Mass Tilt Down -
1 ] 400F =
08 E 300F 3
0.6F = - ]
£ 1 200 =
0.4 = u 1
0.2~ . 100 B

: L1 1 | - | ol | J 11 11 I | N - 7 : L1 J 11 11 I | I - | 0 O N | ‘ Il | —

%o 100 150 200 250 300 %o 100 150 200 250 300
m(9,y) [GeV] m(9,y) [GeV]
% UNIVERSITYOF Ol =6 . . . q o v
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Implementation in Statistical Analysis

->  Systematic uncertainties are provided through variations of the nominal PDFs > soof | .
% ool 3
€ selected to capture different modes of potential deformations of the B F .
= .
background shape 22F i } Data E
. . . . . . . . o E 7
->  Binned maximum likelihood fit to Higgs invariant mass (fi 200~ — Background
I . . . C — S+B Fit H
€  cachvariation controlled by a nuisance parameter - directly constrained by 1505 } E
datain fit F + ]
100— —
x10° . t { .
% C L Fa@ T 0 T F U T ‘ LI L I LI B B 7 % : LI B B LB LI T T 1 71 | | R O R | ‘ T L : 50__ * __
E ] B
9 2 —— Background Model f—? 800 —— Background Model r x ]
> 180 —— Syst. p.(y) Up E >_F — Syst. p.(y) Up ] E “,,_,,‘ , A
2t GR Syst. p_/ " (y) Down ] £700- sR Syst. p, " (y) Down r % ‘
2 160 gyst Ad gp = 2 soof gyst Ad gp 1 8 20} ; +m. ++++?
F yst. Ao Down . = yst. Ao Down — QM
1.4f — Mass Tilt Up = g — Mass Tilt Up 3 %_28 W WMHHW& *W +?'F +*+++ e b ""‘”
IR Mass Tilt Down E 500  flom, e Mass Tilt Down 3 & ok T 1
’ E - F E 50 100 150 200 250 300
k3 E 400E E m(¢y) [GeV]
0.8F 3 300 -
0.6 3 E ] Parameter Value | Uncertainty (+10)
0.4F- E 200 E signal —0.07 £0.54
i j 100; é Ibkgd 1.01 +0.01
0'2: 3 E g Shape: pr(v) shift 0.26 +0.15
> oo b v b by by g = s b b e b by R f -
8 T00 150 200 250 300 8% o0 150 200 250 300 shape: AR(dia) il | U 204
m(o.y) [GeV] m(o.7) [GeV] Shape: m(¢,v) tilt | 0.10 +0.24
UNIVERSITY©F I = . q q q o v
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Signal contamination test

->  Robust under signal contamination:
€  Features of resonant contributions are diluted by process of factorising the background PDF
€ Means that resonant backgrounds need to be modelled separately

><1|03| i

z T L BN L s F T I B L
o 1.8 C —4— Nominal model 7 o700 - —4— Nominal model -
f 16 F GR — Model with signal injection ] f E SR —— Model with signal injection
*2 E — Signal injected E %600 C — Signal injected -
014 4 © r ]
> r ] > r ]
- . || Ysoof ] . £
injection of signal F \q; increase of 1
at 10.4% of B 400 | background by |1
background E i 2% ]
0 7 .

§ 1.1 CE) 1.1 "
E 1 J 0000 90000000049%00000%,000 000 Zg 1 ;+¢. 00029%%%0000,00,,0% 00000000 0000 oty

809 R ‘ . 809}

= 50 100 150 =09 260 300 £ g9 100 150 200 250 300

m(¢;y) [GeV] m(9,y) [GeV]
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H/Z->®y Analysis

Validation with ¢ sideband
%3000T‘A\TLA5‘|'“'l""l“‘l'Ja"al""\'__
. . . . 0] F & 4
Model in Validation Regions S o f6-13Tev, 356" o
) 82500: ' -?'otal Background -
arXiv:1712.02758 2t ]
R S R e B N S L I BT e R 82000 =
S [ ATLAS 4 Daais-1aTev,ssem’ ] O 1200 ATLAS + Datafs-13Tev,3561'] O ATLAS 4 Datais= 137TeV, 356" 5 r
% 1200~ Region : VR1 E== Background Model ] > [ Region : VR2 === Background Model ] % Region : VR3 === Background Model E ?1500}
£ r #22 Model Shape Uncertainty | & 1000~ =% Model Shape Uncertainty —]| & %22 Model Shape Uncertainty —J 8 F
° 1000_— - o L B ° ] 1000
2 F 1 2 r y 1 2 = 5
I3 - B < 800— ] < 1 r
S goof- =4 © r ] © = 5005
soor- 1 E 3 0
r ] - B E 1.00 1.01 1.02 1.03 1.04 1.05
4001~ R 400~ 7 ] My [GEV]
200:_ _: 200:— —: ? % 450 T T T —
r ] [ ] E g E ATLAS ¢ DataVs= 13TeV,35.61" J
r » - > 400? ¢ Sideband Region 58 Background Model E
g E g ... é 350? 2222 Model Shape Uncertainty é
8 h 3 P B I SR S o % R I IR B A AR g 300;_ _;
8 250 300 S 100 150 200 250 300 g 100 150 200 250 300 o E .
My [GEV] Myicy [GeV] Myacy [GV] 250 ? E
200;— —;
1501 =
=> Model used in several other exclusive Higgs analyses already! [Phys. Rev. 100E- E
50'_ -
Lett. 114 (2015) 121801, Phys. Rev. Lett. 117, 111802 (2016), JHEP 07 (2018) 127, ; -
Phys. Lett. B 786 (2018) 134] 3
S 150 250 300
arXiv:1712.02758 Meicy [GeV]
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https://arxiv.org/abs/1712.02758
https://arxiv.org/abs/1712.02758

Sampling from GR

=> Eventsin SR are not independent from events in GR:
€ Addsinformation on fluctuations of each ensemble
€ Effect scales with the ratio of the number of events in SR over GR

3
> Leadsto overestimation of signal > AT DARMVUSARES
strength statistical uncertainty for 5 4| " SRV
analyses in which low N /N, e | 7% SADan
, . qC) 08_ | 5 Ensemble 2
can’t be achieved: o . 4, GR Model
& 154 — SR Model
€ This effect can be removed o6l f ™ SeonDala
by building the model
through sampling with 0.4+
replacement from GR 0 2
€  Statistical uncertainty can o
be corrected through toy R N S A
' 50 100 150 200 250 300
MC studies moy) [GeV]

Pull Width

1.3

1.1}

1

0.9

0.6

1.2}

0.8}

0.7¢

L L L O L O O I

] Modelling from GR

+ Modelling from GR sampled with replacement 7:

L

.

e bvvv e b b b b b o 1

0 01 02 03 04 05 06 0.7
NSR/NGR
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Conditional Generative
Adversarial Networks
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Generative Adversarial Networks

=> Challenges for ancestral sampling:
€ application in multivariate analyses
€ signalregion blinding

->  Generalisation of method: use GANs trained on data to produce background model
€ Generator - learns generative model from data sample

€ Discriminator - simultaneously trained to discriminate the generator output from data

Training

Data Sample

Training - Discriminator
_______ Network

e — R —— - R R ]

Generated
Data Sample

Generator
Network

\-'

Training
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Conditional Generative Adversarial Networks

=> Possible signal contamination in training data:
€ Condition GAN (cGAN) on a blinding variable, allowing SR to be blinded during training - cGAN
interpolates prediction into SR

Generator Setup

I_ e e e e 1
Blind in ' S I
Conditioning | Training
Variable 1 [PELIERELTIE
]

Conditioning Variable Discriminator

Network

Generator Generated
Network Data Sample

\_'

Training
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Case Study: H»>Za

Light pseudo-scalars produced in Higgs decays feature in BSM theories,
including the two-Higgs-doublet model and the 2HDM with additional scalar

singlet

Search for H>Z(ll)+a, with a>hadrons

h1s -

a < Jet
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Case Study: H»>Za

>

>

Events /0.02

Data / Bkgd

Light pseudo-scalars produced in Higgs decays feature in BSM theories
two-Higgs-doublet model and the 2HDM with additional scalar singlet

Search for H>Z(ll)+a, with a~>hadrons

€  Main background: Z + jets

€ background discrimination relies on MVA techniques, using jet
substructure variables

N

T[T T

T T

x10°
R R
ATLAS o Data
=13 TeV, 139 fb' —Background
Ye=13Te, 139 f5 ~Ho>Za (0.5 GeV)
o(H)=c, (H)x100 H-Za (1.5 GeV)
B(H—Za)=100% --H-Za (2.5 GeV)
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Case Study: H»>Za

5 10°E T T T T
S ATLAS
> [ - in Hi [ ' g W 513 ToV, 139 "
Light pseudo-scalars produced in Higgs decays feature in BSM theories L ey

B(H—Za)=100%

o Data

—Background

---H—>Za (0.5 GeV)
.H—Za (1.5 GeV)

two-Higgs-doublet model and the 2HDM with additional scalar singlet

->  Search for H>Z(ll)+a, with a>hadrons 10 i
€ Main background: Z + jets e
€ background discrimination relies on MVA techniques, using jet g 2
substructure variables § o

\ N _ |
0 0.05 0.1 0.15 0.2 0.25 0 3

€ background estimation through modified ABDC method using mllj and MLP Disriminant
MLP discriminant: d
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Case Study: H»>Za

. . . . . a mass 0.5GeV  1.5GeV 2.5 GeV
->  Light pseudo-scalars produced in Higgs decays feature in BSM theories )
Total Uncertainty 8.3 10.7 20.3
two-Higgs-doublet model and the 2HDM with additional scalar singlet Total Statistical Uncertainty 06 08 16
Total Systematic Uncertainty 8.2 10.7 20.2
Signal Systematic Uncertainties

=>  Search for H>Z(ll)+a, with a>hadrons o Encrgy Scale P
2 Main background: Z +jets Parton Shower 1.4 1.4 14
. . . . . . . . Luminosity, Pileup, Trigger, Leptons, & JVT 0.2 0.3 0.5
€ background discrimination relies on MVA techniques, using jet MC Statistics 02 02 06
b t t . bl Renormalization Scale 0.1 <0.1 0.2
substructure variables Acceptance 0.1 < 0.1 0.2

€ background estimation through modified ABDC method using mllj and Background Systematic Uncertainties
MLP discriminant: MC Statistics 6.4 84 15.8
. . . . Parton Shower and ME 3.9 5.1 9.6
° MC used to derive correction for correlation between variables Resrormalization Seae a.d aa -

=>  ideal case study for implementation of background modelling using cGANs
€ background systematics arising by use of MC simulation (arXiv:2004.01678)
€ use of MVA techniques makes it impractical to use ancestral sampling

arXiv:2004.01678

Use of GANs solves statistical limitations of background sample
Training on data avoids modelling limitations of MC
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Case Study: H»>Za

>

Light pseudo-scalars produced in Higgs decays feature in BSM theories
two-Higgs-doublet model and the 2HDM with additional scalar singlet

Search for H>Z(ll)+a, with a>hadrons

€  Main background: Z + jets

€ background discrimination relies on MVA techniques, using jet
substructure variables

€ background estimation through modified ABDC method using mllj and
MLP discriminant:
° MC used to derive correction for correlation between variables

ideal case study for implementation of background modelling using cGANs

€ background systematics arising by use of MC simulation (arXiv:2004.01678)

€ use of MVA techniques makes it impractical to use ancestral sampling

a mass 0.5GeV  1.5GeV 2.5 GeV
Total Uncertainty 8.3 10.7 20.3
Total Statistical Uncertainty 0.6 0.8 1.6
Total Systematic Uncertainty 8.2 10.7 20.2
Signal Systematic Uncertainties
Jet Energy Scale 1.3 1.5 15
Parton Shower 1.4 1.4 14
Luminosity, Pileup, Trigger, Leptons, & JVT 0.2 0.3 0.5
MC Statistics 0.2 0.2 0.6
Renormalization Scale 0.1 <0.1 0.2
Acceptance 0.1 < 0.1 0.2
Background Systematic Uncertainties
MC Statistics 6.4 8.4 15.8
Parton Shower and ME 39 5.1 9.6
Renormalization Scale 3.4 44 8.3

arXiv:2004.01678

Use of GANSs solves statistical limitations of background sample
Training on data avoids modelling limitations of MC
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Case Study: H»>Za

. . . . . a mass 0.5GeV  1.5GeV 2.5 GeV
Light pseudo-scalars produced in Higgs decays feature in BSM theories )
Total Uncertainty 8.3 10.7 20.3
two-Higgs-doublet model and the 2HDM with additional scalar singlet Total Statistical Uncertainty 06 08 16
Total Systematic Uncertainty 8.2 10.7 20.2
Signal Systematic Uncertainties

Search for H>Z(ll)+a, with a>hadrons o Encrgy Scale P
2 Main background: Z +jets Parton Shower 1.4 1.4 14
. . . . . . . . Luminosity, Pileup, Trigger, Leptons, & JVT 0.2 0.3 0.5
€ background discrimination relies on MVA techniques, using jet MC Statistics 02 02 06
su bstructu reva ria bles Renormalization Scale 0.1 <0.1 0.2
Acceptance 0.1 < 0.1 0.2

€ background estimation through modified ABDC method using mllj and Background Systematic Uncertainties
MLP discriminant: MC Statistics 6.4 84 15.8
. . . . Parton Shower and ME 3.9 5.1 9.6
° MC used to derive correction for correlation between variables Resrormalization Seae a.d aa -

ideal case study for implementation of background modelling using cGANs
€ background systematics arising by use of MC simulation (arXiv:2004.01678)
€ use of MVA techniques makes it impractical to use ancestral sampling

arXiv:2004.01678

Z + jets MC sample used to exemplify model application
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Building the model for H»>Za

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

Remove MLP-based selection
€ &blind signal region to avoid signal contamination

Use m, ;as blinding variable

U

123 GeV < mszl35 GeV blinded
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Building the model for H>Za

Relax - . ]
Selection 2. cGanstrained using blinded data
€ learn generative model of the conditional probability distribution of the
data, given value of blinding variable
Obtain € Use ensemble of cGANs and take average:
Conditional e 100 cGANs trained, 5 best based on x> metric kept for analysis
PDFs
_____ e S o L - — —
Generate serimi i LI Trainins H
pseudo Generator and discriminator: I A ,
: e 5layers x 256 hidden nodes with leaky e e
candidates RelLU activation function | it i BERSEEE Dlsr:::t‘nn;:;itor
e binarycross entropy loss functionand I /-7 3 g
L2 regularisation I N 3
Ap p ly | _______________ 3 Training
Selection
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Building the model for H>Za

m . sidebands
BYj

Relax ) . E
Selection S = Dt 8 sof
£ cGAN(Low) | E g
2 -- CGAN (High) | @
Generate sample of pseudo-candidates: AR
. . . c . 0 f — Data High) E
Obtain input inclusive distribution of the sp = iy
Conditional conditioning variable into cGAN ' I ¢
. o < 100 [gakpnen iy IS %‘ 2100 Frepesstetisopstussenpyogtiissipgetpteotpontt- 1
PDFs cGAN interpolates the conditional g * “ﬁ g -

. . . . 00 01 02 08 04 "5 06 07 08 09 10
generative model into signal region P et Aacs
Generate obtain prediction of MLP input ) = _
d variables : ~ o 13 °F i
pseaco = i 3 £ = Dt
candidates 2 == cGAN (Highp 1 -~ cGAN (High)
Apply 125 - -
Selection Mggmﬁ Lt Mwut WM _

8ozt g

015 0.20 125 150
U1(0.7) ang,
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Building the model for H»>Za

m . SR
By
Relax :
Selection g of —ome ] f E
3. Generate sample of pseudo-candidates:
Obtain € inputinclusive distribution of the
Conditional conditioning variable into cGAN ] isfe
z zE z
PDFs @ CGANinterpolates the conditional & 2 op .
generative model into signal region % o853, * % o o o
AR eadTrack PT, LeadTrack/PT, AllTracks
Generate € obtain prediction of MLP input . o :
. § ’ ;_ — Data __ o L — Data ]
pseudo variables S sf BN ~ oo
candidates groof 1" §
75F 1 —
5.05— 4 -
2.53— _ _:
Apply . .
SeleCtion % 1.0 M"“ﬁfﬂi % 1.0 WM&“&+#+ ﬂﬁ
° 0'%.(;0 0.05 0.10 0.15 0.20 ° o8y 25 50 75 100 125 150
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Building the model for H»>Za

Relax
Selection

Obtain
Conditional
PDFs

Generate
pseudo
candidates

Apply
Selection

4.

Apply MLP selection to pseudo-candidates sample 500
¢ obtain PDF of m . in SR for statistical

analysis

Events / GeV
[}
o
o

300

200

100
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Implementation in Statistical Analysis

->  Systematic uncertainties are provided through shape variations:
€ Differences between ensemble and individual cGANs
€  Principal component analysis performed to orthogonalise differences
€ 2 biggest differences considered in statistical analysis

200

cGANS

— Ensemble

200

Ensemble*PCA3
Ensemble*PCA4
Ensemble

800 800
3L 3 o
(0] F S
o L S L
Z 600 - Z 600
2 3 2 -
c L c
400 cGANT1 400
i — cGAN2 F Ensemble*PCA1
[ — cGAN3 Ensemble*PCA2
B — cGAN4

;,.w

cGAN / Ensemble
5 8
TN
Bl | o,
{
PCA Variations
g
1&

m 110 120 130 140 150 160 170
W My
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Implementation in Statistical Analysis

->  Systematic uncertainties are provided through shape variations: 37003' AESAARL R MR R SR
. . .. = - ¢ Data ]
€ Differences between ensemble and individual cGANs 2 600F _ gignal $ -
[ = -
€  Principal component analysis performed to orthogonalise differences @ ook T CGAN ]
€ 2 biggest differences considered in statistical analysis - i
- Binned maximum likelihood fit to Higgs invariant mass 400 {”
€  cachvariation controlled by a nuisance parameter - directly constrained by datain F E
fit - 1
2001~ -
800 800 E ]
3 [ 3 | g ]
(0] + (0] 100~ -
o L o - .
Z 600 - 2600 - o ]
a8 r 2 oF .
g I 5 Cin oo Porp o lnyaslopvalanaml ¢oqud
400 b cGAN1 i} el 110 120 130 140 150 16[%mi [Ge\1/]70
r CGAN2 Ensemble*PCA1
[ CGAN3 Ensemble*PCA2
200 4 cGAN4 00 Ensemble*PCA3 .
L A cGAN5 . r Ensemble*PCA4 ] Parameter Value | Uncertainty (+10)
. O Ensemble ] Ensemble ] Hsignal —0.003 +0.010
E 1.25 :’,‘ + + + + + . §1_25 ﬂl)kgd 1001 iOOOS
%1 00 ks l 5 i Shape uncertainty 1 | —0.36 +0.27
> . Poo ':g,al o I 2100 'iw' ey - Shape uncertainty 2 | —0.31 +0.52
So75 et 5075 prs :
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e My
i
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Summary

=>  Anovel non-parametric, data-driven background modelling technique was presented
€  Addresses typical shortcomings of often employed background modelling techniques arXiv:2112.00650
€ Dataset from a relaxed event selection to create a model based on conditional probabilities
€  Twodistinct ways of building the conditional PDF:

Ancestral sampling Conditional Generative Adversarial Networks

Sample from histograms of relevant variables in data, built e  Generalisation of ancestral sampling

with respect to most important correlations e Use GANs trained on data to produce background model
Already used in multiple analysis! [Phys. Rev. Lett. 114 (2015) @  Condition GAN (cGAN) on a blinding variable, allowing SR to
121801, Phys. Rev. Lett. 117, 111802 (2016), JHEP 07 (2018) 127, Phys. Lett. be blinded during training
B 786 (2018) 134]
2 300 T y 3 TRLUMEEEF AR CEEEDLLERS EEEE T
o F E S [ joaa .
N oo = £ 600~ _signal pu
ézsoz “ ¢ Data 7 & F —ngAN| +
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| 1502— o _; | aoof
l l 1002— j | —; : 3003—
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| Py T a AT e R ‘ T reoE
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H/Z->®y Analysis

Events/ 1 GeV

Branching Fraction Limit (95% CL) | Expected | Observed

B(H - ¢y)[107*]
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Ensemble Tests

Sampling from GR Sampling with replacement
e BT et s e s
]_,‘, Mean = 0.14 + 0.04 E Mean = 0.04 + 0.05
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Ensemble Tests

® Due to the 3000
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3500F

Events / 0.02

computational cost, 2500
number of training
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training stopped
before saturation
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