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ATLAS

EXPERIMENT
: Candidate Event:
pp- H(—=bb) + W(-pv)
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e Part 1: Introduction
e CERN and ATLAS
e Part 2: Unfolding
e Samples at ATLAS
e Standard measurement techniques
e The MultiFold algorithm M Dol MOy g U e R
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e Part 3: Analysis
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o /+jets events in the ATLAS detector
e Results

e Demo!
Talk is based on Phys. Rev. Lett. 133, 261803 (or arXiv:2405.20041 if you prefer)

And my PhD thesis: CERN-THESIS-2023-169



https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.133.261803
https://arxiv.org/abs/2405.20041
http://cds.cern.ch/record/2872436?ln=en

Part 1: Introduction



The Large Hadron Collider and CERN

e CERN: largest particle accelerator
complex in the world

e LHC: circular accelerator witha 27 =
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The ATLAS detector

Muon chambers

Toroid magnets

Tile calorimeters

LAr hadronic end-cap and
forward calorimeters

LAr electromagnetic calorimeters

Solenoid magnet | Transition radiation fracker

Semiconductor tracker

General purpose detector
located at point 1 on the LHC
ring



The ATLAS detector

Towards ground level

n=>0

Towards centre of LHC ;

General purpose detector
located at point 1 on the LHC
ring

Right-handed coordinate system
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The ATLAS detector

el located at point 1 on the LHC
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e Right-handed coordinate system
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Tile calorimeters

| LAr hadronic end-cap and
& | ' | forward calorimeters

Toroid magnets LAr electromagnetic calorimeters

Muon chambers Solenoid magnet | Transition radiation fracker
Semiconductor tracker



The ATLAS detector

em located at point 1 on the LHC

- = ‘ ring
= | e Right-handed coordinate system
e e Components:
e Inner detector
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The ATLAS detector

e (General purpose detector

I sl N located at point 1 on the LHC
- ring
) : | * Right-handed coordinate system
sinll e Components:
e |nner detector
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The ATLAS detector

. located at point 1 on the LHC
~ T — ) ring

e Right-handed coordinate system

e Components:

e |nner detector

e (Calorimeters

e Muon spectrometer
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Part 2: Unfolding




Types of samples



Types of samples

@ Meson
A Baryon

W Antibaryon
© Heavy Flavour

(O Hard Interaction
® Resonance Decays

B MECs, Matching & Merging

M FSR o o ;\

W SR* Truth MC N
QED

M Weak Showers ] ]

® Hard Onium Simulates the stable particles produced from the

(O Multiparton Interactions

proton-proton collision

[0 Beam Remnants*

Strings

Ministrings / Clusters
Colour Reconnections
String Interactions

e An eventis composed of an event weight and a list of
| particle 4-vectors

Bose-Einstein & Fermi-Dirac||
M Primary Hadrons

e Many different Monte Carlo generators used within
ATLAS (e.g. Powheg+Pythia, Sherpa, Madgraph)

B Secondary Hadrons

® Hadronic Reinteractions
(*:incoming lines are crossed) ||
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Types of sam

Reconsructed MC

Truth MC events are run through the Geant4
simulation of the ATLAS detector to get hits for
digitization

Digitized data then run through the ATLAS

reconstruction software

@ Meson

A Baryon

W Antibaryon

@ Heavy Flavour

QO Hard Interaction

® Resonance Decays

B MECs, Matching & Merging

B FSR

W |SR*
QED

B Weak Showers

M Hard Onium

(O Multiparton Interactions

[0 Beam Remnants*

[T Strings

[ Ministrings / Clusters
Colour Reconnections
String Interactions
Bose-Einstein & Fermi-Dirac

B Primary Hadrons

W Secondary Hadrons

B Hadronic Reinteractions

(*: incoming lines are crossed)
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Types of samples

R;constructed MC
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Types of samples

Monte Carlo sample
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Réconstructed MC
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2017-10-19 23:31:18 CEST

' EXPERIMENT
” Candidate Event:
—— ———— — e y A " 2 - _ o

pp—H(—-bb) + W(—’V)
Data \

o What we actually measure in the ATLAS detector

e ATLAS reconstruction algorithms applied to the
detector readout

Gives us the 4-vectors of each particle in the event
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B FSR
W |SR*
QED
® B Weak Showers
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Colour Reconnections
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Bose-Einstein & Fermi-Dirac
B Primary Hadrons
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pes of samples

Data

EXPERIMENT
Candidate Event:
pp—H(=bb) + W(=pv)

2 Event: 335908
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QED
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Measurements

e When ATLAS presents results, they are
presented at the truth level

e Needed to: \

 Compare with theory ’

,\
N\

e Compare with other experimental results
|
1
|

N
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Measurements
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o When ATLAS presents results, they are | \
presented at the truth level W
e Needed to: |
e Compare with theory |
o Compare with other experimental results
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Unfolding

e Synonymous with deconvolution or unsmearing

e For example, deconvoluting images:

Deconvolution

ﬂ

Benefit: reduced smearing
Price: larger uncertainties

26



Unfolding

e AtATLAS, have to do something similar, but instead of unblurring an image we need to
correct our measurement for the effects of the detector
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Unfolding

e AtATLAS, have to do something similar, but instead of unblurring an image we need to
correct our measurement for the effects of the detector

What we measure (detector level)

ATLAS

EXPERIMENT

Candidate Event:
pp—H(—=bb) + W(-pv)
Rur 335908183

un: 338712 Event: 335908
2017-10-19 23:31:18 CEST

e Basic detector information (charged particle tracks, calorimeter energy
deposits, hits in the muon detectors) used to reconstruct particles in an event
e Subject to resolution and efficiency effects
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Unfolding

e AtATLAS, have to do something similar, but instead of unblurring an image we need to
correct our measurement for the effects of the detector

What we measure (detector level) What we want (particle level)

ATLAS Truth

EXPERIMENT

Candidate Event:
pp—- H(—=bb) + W(-pv)

Run: 338712 Event: 335908183
2017-10-19 23:31:18 CEST

* Four vectors of all stable particles in the event

* |f we had a perfect detector, this is what we
would measure

e Basic detector information (charged particle tracks, calorimeter energy

deposits, hits in the muon detectors) used to reconstruct particles in an event
e Subject to resolution and efficiency effects 29



Unfolding

e AtATLAS, have to do something similar, but instead of unblurring an image we need to
correct our measurement for the effects of the detector

What we measure (detector level) What we want (particle level)

ATLAS Truth

EXPERIMENT

Candidate Event:
pp—- H(—=bb) + W(-pv)

Run: 338712 Event: 335908183
2017-10-19 23:31:18 CEST

Unfolding

* Four vectors of all stable particles in the event

* |f we had a perfect detector, this is what we
would measure

e Basic detector information (charged particle tracks, calorimeter energy

deposits, hits in the muon detectors) used to reconstruct particles in an event
e Subject to resolution and efficiency effects S0



A traditional ATLAS measurement

¢ Data, stat. unc —=- SHERPA 2.2.1 ™ Unfolded data

X3 Total unc.

= ATLAS
- {s=13TeV, 139 b

- MG5_aMC+PY8
- SHERPA 2.2.11

5~ MG5_aMC+PY8 FxFx Particle-level predictions from

~ various Monte Carlo generators

T —— -~ ifferential cross section: related to the rate
- of events with respect to an observable

E_Z+21jet
. |

A
o -
i
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Pred. / data
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https://arxiv.org/abs/2205.02597
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A traditional ATLAS measurement

e Traditional unfolding methods: work with 1D
binned data

Iterative Bayesian unfolding is one typical
method in ATLAS

Use information about the detector response
from the MC samples to correct the
hlstogram for detector effects in each bln |

. 1D observable hlstogram W|th numb f

unfolded events per bin as output ]

- - SHERPA 2.2.11
e g — MG5_aMC+PY8 FxFx
: =
- =il
——
ATLAS g N
- {s=13TeV, 139 b —
= Z+2>1jet
I | i | | i | : I 1 | ..l ]
.. P tar PO Wy~ e L) jaj - {j
::";'s' Mo o W, S e e 4 ¥
"""" OO00~0—0—0—_ 5 DO O Q
. | | | | | | | | | | I | | | I | | | I | l | | | | | |
[ 1 | | P | I 11 I I I | | | | |
-Q-NNLOJET NNLO |
| STV TN 2 |
a | 4 NNLOJET NLO [ |
200 400 600 800 1000 1200 1400

o

P T, [GeV]
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A traditional ATLAS measurement

-~y T 1 T 1 | — T 1 T 1 I T —
® 107" b‘.\..l | ¢ IData stalt unc. -=- SHERPA 2.2.1 ~ Unfolded data
Q 3 Total unc. —— '*SAGS aMC+PY8
Q g —- SHERPA 2.2.11 g ' : '
S 102 . B LOE kaOWPYS FaFx . Tradltlonal unfolding methods: work with 1D
& | . binned data
T 10°F —— . . . . .
P —— e |terative Bayesian unfolding is one typical
© 4L .
10*E ATLAS === method in ATLAS
_5~ (s =13 TeV, 139 fb™ —— e — — —
b = Z+2>1jet .\ »Create 1D hlstogram of the observable W|th the data events |
1.5: T 1 i T 1 i I — i 11 ..l l T T T T T o o
| Use information about the detector response |
e from the MC samples to correct the
© ' histogram for detector effcts 1 each bin |
-g VATl Yv e SO
-~
o 1D observable hlstogram W|th number of

-
— —— V.~

NNLOJET NLO unfolded events per bin as output |
+ = —

400 600 800 1000 1200 1400

PT’” [GeV] 33



Pred. / data

A traditional ATLAS measurement

[ | P | | I [ | b | | I ngm .
01f g | ,'Data Stat. unc. —=- SHERPA22.1 1 < Traditional unfolding methods present some
3 Total unc. —— MG5_aMC+PY8 . Cha”enges:
10°F I _e_hsngERP:s\nézé” FXFx
- i MBS aNEPYS X 1. The data must be binned
—3:.—
10 =8= 2. Can only unfold a small number of
104' e observables simultaneously
ATLAS .
10_5; (s=13TeV, 139 fb” 3. Do not consider the full phase space and
- £+2Tjet so may miss hidden dependencies
1.5¢ L | | | I ' N l . .
h P, . . { e Can we leverage machine learning to perform
| unfolding in an unbinned and highly-
05} dimensional way?
:‘v'vvv e V- ';’
1PSOsR Su T O O _o_ = O O A ‘
I I | I | VI | | At its core, can consider unfolding a reweighting problem
S I LA A e s e o
-Q-NNLOJET NNLO i 0 i
- L NNLOJET NLO

| 0 200 400 600 800 1000 1200 1400
P T, [GeV] 34



Density ratio estimation with NNs

e Neural networks are well suited to carrying out reweighting tasks
e Basic principle behind density ratio estimation:
e |magine we have:

o with probability density function Both datasets cover the same phase space 2

X € Q represents an event

e Dataset B with probability density function ()
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Density ratio estimation with NNs

e Neural networks are well suited to carrying out reweighting tasks
e Basic principle behind density ratio estimation:

e |magine we have:

o with probability density function Both datasets cover the same phase space 2
» Dataset B with probability density function p,(x) X € Q represents an event
e |f we wanted to reweight to better match Dataset B, the per-event weight,
r(x), that we would need to apply to each event in would be:
) = Pp(x)

pax)
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Density ratio estimation with NNs

e Neural networks are well suited to carrying out reweighting tasks
e Basic principle behind density ratio estimation:

e |magine we have:

o with probability density function Both datasets cover the same phase space 2
» Dataset B with probability density function p,(x) X € Q represents an event
e |f we wanted to reweight to better match Dataset B, the per-event weight,
r(x), that we would need to apply to each event in would be:
PRI —

rx) = pa(X) \ Estimating these directly turns out to be complicated
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Density ratio estimation with NNs

e Neural networks are well suited to carrying out reweighting tasks
e Basic principle behind density ratio estimation:

e |magine we have:

o with probability density function Both datasets cover the same phase space 2
» Dataset B with probability density function p,(x) X € Q represents an event
e |f we wanted to reweight to better match Dataset B, the per-event weight,

r(x), that we would need to apply to each event in would be:

™ Actually much easier to estimate this directly!
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*"Math interlude

pp(x)
pa(x)
e Use Bayesian statistics to rewrite this

r(x) =

39



" Math interlude

PB(J_C))
pa(x)
e Use Bayesian statistics to rewrite this

ps®)  p@EIB)  p(BIDPE)  P(A)

r(x) =

r(x) =

pa®  pE|A)  P(B)  p(A|¥)PEF)

P(A) p(B|X)
P(B) p(A|X)

40



**“Math interlude

PB(J_C) )

)= pax)

e Use Bayesian statistics to rewrite this

r(x) =

PB(J_C) )

PA(J_C) )

px|B) pBIHPE)  PA)

" EIA) PB) pAIDPE)
.. _ PA) p(B|X)
P(B) p(A | %)

Normalization factor
dependent on
number of events In
each sample, let’s
ighore this for now
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" Math interlude

PB(J_C))
pa(x)
e Use Bayesian statistics to rewrite this

ps®)  p@EIB)  p(BIDPE)  P(A)

r(x) =

r(x) =

pa®  pE|A)  P(B)  p(A|¥)PEF)

p(B|X)

AT
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**“Math interlude

r(x) =

PB(J_C) )

pa(x)
e Use Bayesian statistics to rewrite this

Ps® _ pE|B) _ p(BIHPE)  P(A)

r(x) =

PA(J_C)) p(x|A)

5(B

P(B)  p(A|X)P(x)

X)

D
D =5a

X)

e |Looks like something we may be able to
do with a binary classifier!
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*"Math interlude

PB(J_C))
pa(x)
e Use Bayesian statistics to rewrite this

ps(®) _ p(|B) _ p(BIDPE)  PA)

r(x) =

r(X) = ——-=— ———
pa@  p@ElA) - PB)  pAlDPE)
i5) = L0
p(A|x)

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function

44



*"Math interlude

PB(J_C))
pa(x)
e Use Bayesian statistics to rewrite this

ps(®) _ p(|B) _ p(BIDPE)  PA)

r(x) =

r(X) = ——-=— ———
pa@  p@ElA) - PB)  pAlDPE)
i5) = L0
p(A|x)

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function
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o f(X): classifier to differentiate between two datasets

“o“ M ath I nte rl u d e e Optimal form of this classifier:

pp(x) f(x) = argmin Ex [ Z(g(X), V)]

pa(x)
e Use Bayesian statistics to rewrite this

ps®)  p@EIB)  p(BIDPE)  P(A)

r(x) =

r(X) =——=—5—= ———
pa@  p@ElA) - PB)  pAlDPE)
i5) = L0
p(A|x)

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and
activation function
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

.. pp®) f(X) = argmin Ey y[ Z(g(X), Y)]
r(3) = == g
pa(X) 4 |
» Use Bayesian statistics to rewrite this A random set of input features - Y € {0.1}: random
5 N N R variable output labelling
,,(55) — pB(x) — p(x|5) — p(B|X)P(x) P(A) one of the two datasets
pa(xX)  p(x[A) P(B)  p(A|X)P(X)
A B -
) = Lo
p(A|X)

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

L _ &) fx) = argmin Ey | Z((X), V)]
rx) = pA(X) | Expectation value over .
A the joint probability =~
e Use Bayesian statistics to rewrite this distribution
_ _ o Chosen loss function Specific trained
I’(J_C)) — pB(X) — p(x B) — P (B ‘X)P(x) P(A) P classifier
pax)  p(x|A) P(B)  p(A[X)P(X)
.. pB|x
) = L)
p(A|x)

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

” pp() f(x) = argmin Ex /[-Z(g(X), Y)]
r(x) = —

Pa(X) e Without loss of generality, can rewrite as:
 Use Bayesian statistics to rewrite this F3) = argmin Ey | Pe@E).Y)| X =%V
H(F) = pp(X) _ px|B) _pb [ X)P(X)  P(A)

pa(x)  p(x|A) P(B)  p(A|X)P(X)
) = 200
p(A[Xx)

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ey [ Z(g(X), Y)]
(@) = 222 g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o J(x) = argmin Eyx_:£(gXx), Y)| X =x] Vx
2 2D _PEIB) _ pBIHPE P ) B o st
— >y N — - N INary Cross entropy 10sS tunction (maximum lKelinooa estimator
PA)  pld) BB pATORK) F(3(), ¥) = — ¥ log(g(®) — (1 - Vlog(l — g(®)
@) = Do)
pAlx)

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function
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o f(X): classifier to differentiate between two datasets

’{\O“a\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

) (%) f(X) = argmin Ey /[ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o J(x) = argmin Eyx_:£(gXx), Y)| X =x] Vx
2 2D _PEIB) _ pBIHPE P ) B o st
— >y N — — — INary Cross entropy 10sS tunction (maximum lKelinooa estimator
PA)  pld) BB pATORK) F(3(), ¥) = — ¥ log(g(®) — (1 — Vlog(l — g(®)
AR = l?gj JE; f(x) = arg;nax E[Y|X = XJlog(g(¥)) + (1 — E[Y| X = X]Dlog(l — g(X))
1% X

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function
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o f(X): classifier to differentiate between two datasets

’{\O“a\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

q (%) f(X) = argmin Ey [ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o Jx) = argmin Ly x_z| £(8(x). 1) [ X =X] VX
2 2D _PEIB) _ pBIHPE P ) B o st
— - N — — — INary Cross entropy 10sS tunction (maximum lKelinooa estimator
P pUIA) DB pALDPK) (5, ¥) = — ¥ log(g(®)) — (1 - Vlog(l — g(®)
AF) = l?gz f; &) = argmax E[Y | X = ¥llog(g(¥)) + (1 - E[Y| X = ]log(l - g(%)
X
P = Optimal solution: f(x) = E[Y| X = X]

e |Looks like something we may be able to
do with a binary classifier!

e Yes, with caveats: have to be careful
with our choices of loss function and

activation function
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ey [ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o Jx) = argmin Eyx:£L(gX), V)| X =x] V x
2 2D _PEIB) _ pBIHPE P ) B o st
— -y N — N - INary Cross entropy 10sS tunction (maximum lKelinooa estimator
P pUIA) DB pALDPK) (5, ¥) = — ¥ log(g(®)) — (1 - Vlog(l — g(®)
E) = l?gz f; &) = argmax E[Y | X = ¥llog(g(¥)) + (1 - E[Y| X = ]log(l - g(%)
X
| .p = Optimal solution: f(x) = E[Y| X = X]
e |Looks like something we may be able to Sigmoid activation function
do with a binary classifier! (correct asymptotic behaviour and output between 0 and 1)
e Yes, with caveats: have to be careful o(x) = 1 :
—_— e—x

with our choices of loss function and
activation function
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o f(X): classifier to differentiate between two datasets

’{\O“a\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ey [ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o Jx) = argmin Eyx:£L(gX), V)| X =x] V x
2 2D _PEIB) _ pBIHPE P ) B o st
— -y N — N - INary Cross entropy 10sS tunction (maximum lKelinooa estimator
P pUIA) DB pALDPK) (5, ¥) = — ¥ log(g(®)) — (1 - Vlog(l — g(®)
E) = l?gz f; &) = argmax E[Y | X = ¥llog(g(¥)) + (1 - E[Y| X = ]log(l - g(%)
X
| .p = Optimal solution: f(x) = E[Y| X = X]
e |Looks like something we may be able to Sigmoid activation function
do with a binary classifier! (correct asymptotic behaviour and output between 0 and 1)
e Yes, with caveats: have to be careful o(x) = 1 :
—_— e—x

with our choices of loss function and

activation function = f(xX) > E[Y|X=X], 1 =f(X) = E[1 - Y|X =X]
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ey [ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o Jx) = argmin Eyx:£L(gX), V)| X =x] V x
2 2D _PEIB) _ pBIHPE P ) B o st
— -y N — N - INary Cross entropy 10sS tunction (maximum lKelinooa estimator
P pUIA) DB pALDPK) (g, Y) = — ¥ log(g(®)) — (1 - Vlog(l — g(®)
E) = l?gz fi &) = argmax E[Y | X = ¥llog(g(¥)) + (1 - E[Y| X = ]log(l - g(%)
X
| .p = Optimal solution: f(x) = E[Y| X = X]
e |Looks like something we may be able to Sigmoid activation function
do with a binary classifier! (correct asymptotic behaviour and output between 0 and 1)
e Yes, with caveats: have to be careful o(x) = 1 :
—_— e—x

with our choices of loss function and

activation function = f(xX) > E[Y|X=X], 1 =f(X) = E[1 - Y|X =X]

f&  EIY|X=F]
| —f®)  E[1-Y|X=2x]
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ey [ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o Jx) = argmin Eyx:£L(gX), V)| X =x] V x
2 2D _PEIB) _ pBIHPE P ) B o st
— -y N — N - INary Cross entropy 10sS tunction (maximum lKelinooa estimator
P pUIA) DB pALDPK) (g, Y) = — ¥ log(g(®)) — (1 - Vlog(l — g(®)
E) = l?gz fi &) = argmax E[Y | X = ¥llog(g(¥)) + (1 - E[Y| X = ]log(l - g(%)
X
| .p = Optimal solution: f(x) = E[Y| X = X]
e |Looks like something we may be able to Sigmoid activation function
do with a binary classifier! (correct asymptotic behaviour and output between 0 and 1)
e Yes, with caveats: have to be careful o(x) = 1 :
—_— e—x

with our choices of loss function and

activation function = f(xX) > E[Y|X=X], 1 =f(X) = E[1 - Y|X =X]

fx) _ pr=11X=x)
I-fx) p¥=0]|X=X)
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ey [ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o Jx) = argmin Eyx:£L(gX), V)| X =x] V x
2 2D _PEIB) _ pBIHPE P ) B o st
— -y N — N - INary Cross entropy 10sS tunction (maximum lKelinooa estimator
P pUIA) DB pALDPK) (g, Y) = — ¥ log(g(®)) — (1 - Vlog(l — g(®)
E) = l?gz fi &) = argmax E[Y | X = ¥llog(g(¥)) + (1 - E[Y| X = ]log(l - g(%)
X
| .p = Optimal solution: f(x) = E[Y| X = X]
e |Looks like something we may be able to Sigmoid activation function
do with a binary classifier! (correct asymptotic behaviour and output between 0 and 1)
e Yes, with caveats: have to be careful o(x) = 1 :
—_— e—x

with our choices of loss function and

activation function = f(xX) > E[Y|X=X], 1 =f(X) = E[1 - Y|X =X]

f&) pX|Y=1)P(Y=1)

1 -f& pX|Y=0)PY=0)
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o f(X): classifier to differentiate between two datasets

’{\0“6\\ -
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ey [ Z(g(X), Y)]
) = PB _) g
pa(x) » Without loss of generality, can rewrite as:
e Use Bayesian statistics to rewrite this oy . - _ 1y 3
) ) o Jx) = argmin Eyx:£L(gX), V)| X =x] V x
2 2D _PEIB) _ pBIHPE P ) B o st
— -y N — N - INary Cross entropy 10sS tunction (maximum lKelinooa estimator
P pUIA) DB pALDPK) (g, Y) = — ¥ log(g(®)) — (1 - Vlog(l — g(®)
E) = l?gz fi &) = argmax E[Y | X = ¥llog(g(¥)) + (1 - E[Y| X = ]log(l - g(%)
X
| .p = Optimal solution: f(x) = E[Y| X = X]
e |Looks like something we may be able to Sigmoid activation function
do with a binary classifier! (correct asymptotic behaviour and output between 0 and 1)
e Yes, with caveats: have to be careful o(x) = 1 :
—_— e—x

with our choices of loss function and

activation function = f(xX) > E[Y|X=X], 1 =f(X) = E[1 - Y|X =X]

f&) pX|Y=1)

1 -fX) pX|Y=0)
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o f(X): classifier to differentiate between two datasets

“0“ M ath I nte rl u d e e Optimal form of this classifier:

pp(x) f(x) = argmin Ex [ Z(g(X), V)]

PA(X) e Without loss of generality, can rewrite as:
e Use Bayes ?tIStICS to rewrite this f(%) = argmin Eyy_{ Z(g(®), Y)| X = ¥] V X

¥

r(x) =

r(x) = Pr) pPEIOPE) P Bi tropy loss function (maximum likelihood estimator)
— )_5 P(B A )-5 p )-5 inary CFOSSEH ropy I0SS TuncC ICln maximum liKellnoo Sstlmator
PA) \4 (B)  pAIOPE) F(g), ¥) = — Y log(g(®)) — (I — Vlog(1 — g(®))
) =L (B]x) f&X) = argmax E[Y| X = Xlog(g(¥)) + (1 — E[Y| X = X])log(1 — g(¥))
p(AX) . .
| _ = Optimal solution: f(x) = E[Y|X = X]
e |Looks like something we may be able to L .
do with a binarv classifier! Sigmoid activation function
y - (correct asymptotic behaviour and output between 0 and 1)
e Yes, with caveats: have to be careful o(x) = 1 :
—_— e—x

with our choices of loss function and

activation function = f(xX) > E[Y|X=X], 1 =f(X) = E[1 - Y|X =X]
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o f(X): classifier to differentiate between two datasets

’(\O“a\\ 0
> M ath I nte rl u d e e Optimal form of this classifier:

(%) f(X) = argmin Ex [ Z(g(X), Y)]
@) =2 :
Pa(X) '« Without loss of generality, can rewrite as:
e Use Baye ?tIStICS to rewrite this F3) = argmin Ey | P@E).Y)|X=F] V¥

&

— . fetion (maximum likelihood estimator)
| g(x)) - (1 — Y)log(1 — g(x))

r(xX) = ——— |
pa(x) \

f&X) pGIB)  pp(x) (x)) +(1 - EIY| X = Tlog(1 - g

1 —f(x) p&xlA)  pu&x) on: f(¥) = E[Y| X = X]
activation function

viour and output between 0 and 1)

P(X) = ? F(X) =

e | ooks like somethi |
do with a binary clal

e Yes, with caveats:
with our choices of loss function and

activation function
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Sample reweightin

e |et'sreweight our reconstructed MC (Dataset A) to match data (Dataset B) using a
simple Gaussian example

« Each sample contains a set of events, each with a set of features X = (x;, ..., X,4)

0.40 1

Simulation "Data”
035 (1 0)=1(0,1) H | (p, o) =(1, 1.5)
W MC Truth "Data® Truth
MC Reco | W "Data” Reco

; =
) w
o =2

Events per bin (normalized)
]
<
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: "Yourg T _p6h o |
Sam ple reweig htin Ng " vuy 0755 "o >=pj< f‘

e |et'sreweight our reconstructed MC (Dataset A) to match data (Dataset B) using a
simple Gaussian example

« Each sample contains a set of events, each with a set of features X = (x;, ..., X,4)

0.40 1

] 040 " "
Simulation "Data” Simulation "Data’
0,35 1 (”: 0) = (01 1] 1 (”" 0') = (1 15) 0.3 (” 0’) (0 1) (ﬂ‘ 6) - (l 1-))
a 0 MC Trath l | "Data” Truth % e MC Truth "Data® Truth
§ 0.30 MC Reco R WSS "Data” Reco § 0.3 MC Reco B "Data” Reco
3 E
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= s
2.0.151 2,015
3 5
2 010 2 010
= =
0.05 1 0.05
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7 5.0 5.0 7 15 756 =50 =25 00 25 5.0 7.5 75 =50 =25 00 25 5.0 75

X2 X2
o 5 * Data
x af- . * MC reco
3 %
2l ’ .85 N
- o N e}
— D *® &
11— %% a.
- o 0 ’ ~.
0 4 °° e % o
- ® w..Q'..:..ﬂ - .‘
-1 o’ °,
L ‘ 2a '.
_2_— ’.. ... Q
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-3
-4
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Sample reweightin

e |et'sreweight our reconstructed MC (Dataset A) to match data (Dataset B) using a
simple Gaussian example

« Each sample contains a set of events, each with a set of features X = (x;, ..., X,4)

0.40 1

Simulation ‘ "Data” o Simulation N "Data”
03s] (o) =1(0,1) H | (n,0) =11, 15) oss{ (1 ) =1(0,1) ' (u, o) = (1 1.5)
— W MC Truth "Data” Truth — s MC Truth T o "Data” Truth
Eo.sn MC Reco | w=m 'Data® Reco R o3 MC Reco BN "Data” Reco
3 E
g 0.2 ;E- 0.25
Eo.zn- £ 02
2 =
20151 2015
2 3
S 010 £ 010
= =
0.05- 0.06
0.00 ; . 0.00
7 5.0 50 7 75 0 ~7.5
o 5 * Data
x == * MC reco
- o]
o]
3 L B
. u (s}
To reweight, can estimate - ’ & v
= = - * 0 ..
the density ratio between £ ’ A o
- ¥ o o
the two samples oF- AT AT LN
1: = w .... ’..... )
E .":. .' =
21— B o ¢
- a
3—.
41— ® o
- ol
_llllllllllllllIllllIIIllIIIllllllllllllllllllllll
S5 4 3 -2 -1 0 1 2 3 4 5 63




't ’ e S N
Yoy TP f(X) p(xX|B)  pp(¥) “
|

Sample reweighting™ "= ., |- =52 -2 |

e |et'sreweight our reconstructed MC (Dataset A) to match data (Dataset B) using a
simple Gaussian example

« Each sample contains a set of events, each with a set of features X = (X15.evsXg)

0.40 1 - 0.40 ~ . - ~ 0.40 ~ i - ™
Simulation "Data” Simulation Data Simulation Data
o) (1, 9) = (0,1 [ (4, 0) =1, 15) o] (1, 0) = (0, 1) (1, 0) = (1, 15) oss] (1 0) = (0, 1) (4, o) = (1, 15)
S MC Truth I | "Data” Truth e MC Truth I "Data® Truth e MC Truth I "Data® Truth
MC Reco | =W "Data® Reco MC Reco BN "Data” Reco MC Reco BN "Data” Reco

o
w
=)
=
]
=
=

o
o
2]
o
2

=]
=)
=
=
=

=
bt
o
-
[}

Events per bin (normalized)

Events per bin (normalized)
Events per bin (normalized)

-
-
Pt
(=]

-

—

)

s 5o 50 7 75 M35 S0 -26 o0 25 50 78 75 -50 -25 -7.5 75
X2
= * Data
x 45_ . * MC reco
To reweight, can estimate - P R
the density ratio between & . c s Tl e T e
E ¢ ... .:.. P . “. <]
the two samples E s Teallm s
_15— o ...‘.. 'o:.oo : . .
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_32_ o o : ¢ ’
—42— e o
64




Sample reweightin

e |et'sreweight our reconstructed MC (Dataset A) to match data (Dataset B) using a
simple Gaussian example

« Each sample contains a set of events, each with a set of features X = (x;, ..., X,4)

0.40 ] 0.40 ) :
Simulation "Data” Simulation "Data’
ossd (4, o) =(0,1) | {p, o) = (1, 1.5) oas! (o) =1(0,1) (u, o) = (1, 1.5)
,_3 S MC Truth ' "Data” Truth _-—2~ e MC Truth "Data® Truth
§ 0.30 MC Reco | TN "Data” Reco § 0.30 MC Reco BN "Duata” Reco
3 2
g 0.9 g 0.25
.=0.201 = 02
) 2
» s
2.0.151 2,015
k2] =
2 010 2 010
= =
0.05 1 0.06
0.00 0.00

o 5 ¢ Data
x 45_ . * MC reco
- ] 3_ ‘ )
To reweight, can estimate - - s &° L
the density ratio between & : st o ®
e s o°
the two samples oF- RARTTN NI .
-1__ .‘ ®e ’.:
-2 .’o.. ...‘
-3 .
o
S e R R L 65
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Events per bin (normalized)

0.40 1

=
w

=
w
=)

=
)

=
)
>

-
o
Pt
o

-
-
y—t
=

0.05 1

0.0u

Sample reweighting “ ..,

0 (I-‘a 0) - (01 1)

| {p, o) = (1, 1.5)
i MC Truth "Data” Truth
MC Reco | W "Data” Reco

Simulation [ ‘ ‘ "Data”

Choose binary cross entropy 0SS funionand
]“L sigmoid activation function in output layer

— — —
= === = — ———

= output of the classifier, f(x) € [0,1], is the probability that an event is data

66



Events per bin (normalized)
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0.05 1
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Sample reweightin

0 (I-‘a 0) - (01 1)

| {p, o) = (1, 1.5)
i MC Truth "Data” Truth
MC Reco | W "Data” Reco

Simulation [ ‘ ‘ "Data”

Choose binary cross entropy 0SS funionand
]“L SlngId activation functlon |n output Iayer |

s _—

Cf® _pGEIB) pﬁ)
C1=f@ T pGEIA)  pa) |

l
| - e ) - ———— = =,

e “’q—,.—‘.‘—.-:-’— == = =
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Events per bin (normalized)

0.40 1
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0.05 1

0.0u

Sample reweighting “ ..,

51 (I-“a 0) = (01 1)

| {p, o) =(1, 1.5)
! MC Truth "Data” Truth
MC Reco | TN "Data” Reco

Simulation [ ‘ "Data”

Choose binary cross entropy 0SS funionand
i“L sigmoid activation function in output layer

— — —
= === = — ———

= output of the classifier, f(x) € [0,1], is the probability that an event is data

__J® Ocp(f\Data)
1-f(xX) pE|MC)
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Events per bin (normalized)

0.40 1

=
w

=
)
=]

=
)

=
)
>

-
-~
Pt
o

-
:—'
[
=

=
=

=
=

Sample reweightl

Simulation

o1 (“3 0) = (02 1)

MC Truth
MC Reco

| (g, o) = (1, 1.5)

{ N Datail
"Data” Truth

| W "Data” Reco

= output of the classifier, f(x) € [0,1], is the probability that an event is data

) =

JX)

—— X

p(x | Data)

p(x|MC)

Higher weight if phase space
—— represented by X is under-
represented in MC compared to

data

Simultaneously reweights in all
24 dimensions

—m——— _— e =
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Sample reweightin

0.40 - 1 . :
Simulation "Data’
0.35 (“‘a 0) = (0, 1) { ] (#; o) = (1: 1-5)
MC Truth "Data® Truth
MC Reco | TN "Data” Reco

=
)
=]

=
)

| Choose blnary Cross entropy Ioss funotlon and ,a

Events per bin (normalized)
=
N
-

0:10 ]“L SlngId activation funotlon |n output Iayer |
O:UU | R | B _ = output of the classifier, f(x) € [0,1], is the probability that an event is data
X1 e f(X) N p(X| Data)
e 1 A w 1—f(X) pX|MC)
0.35 - MC Reco, iter-1 | -

= | T (wet=w)

Higher weight if phase space
| represented by X is under-

B "Data” Reco (Target)

a%d
Lo
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' Data is the ta@etr g/(m- represented in MC compared to
’ Lt | TTET data
ﬂ our reweighting | 5020
é‘o'm' Simultaneously reweights in all
[ S S 0.10- 24 dimensions
- Solid black line: reco MC | = -

rewelghted W|th 2 |
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Events per bin (normalized)

Sample reweightin

oA Simulation ‘ "Data”
0351 (4, 0) =10, 1) { | (p, o) =(1, 1.5)
MC Truth r "Data” Truth B el e
0.30 MC Rteco | =W "Data” Reco - .1
0.2
0.20 1 e ——————————————— - . .—w
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010 _sigmoid activation functlgn in output layer |
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The MultiFold method

e Ultimate goal: reweight truth MIC such that it
becomes the “truth data”

Detector-level Particle-level

/ \ Truth
&Y oE

?

Nature

Detector-level MC Particle-level MC

Simulation




The MultiFold method

Detector-level

e Ultimate goal: reweight truth MC such that it
becomes the “truth data” o Data
=
Step 1: Use a neural network to determine a reweighting function, \ /
@ (X™°), that will transform the reconstructed MC to match data for all
observables (what we just did!) Step 1:
(O) - Sp —’1' N Reweight Sim. to Data
ﬂgrecg — ((WICCO X €CO) (ercO cCO , ( reco I'€CO)) ) Data
n—1
=
§ Detector-level MC
S
£
N

Particle-level

Particle-level MC

=
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The MultiFold method

e Ultimate goal: reweight truth MC such that it
becomes the “truth data”

Step 1: Use a neural network to determine a reweighting function,

@ (X"®°), that will transform the reconstructed MC to match data for all
observables (what we just did!)

1
M Cgl(rego — ((Wreco

reco
X @(X;

_’I'CCO reco
), X1 ), (W,

reco
X @(X,

) T GCO

o

( Ireco

reco
X @(X;

), X50))

Nature

Simulation

Detector-level

Rew <:1ght Sim. to Data

Da.ta
Vn—1

Detector-level MC

PR

Particle-level

Particle-level MC

=
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Interlude: neural network setup

e Same NN architecture used for all steps of MultiFold
e NNs implemented in TensorFlow and Keras

e |[nputs for each event: 24 standardized features and a
standardized weight

e 3 hidden layers with 200 nodes each

e RelLU activation function used for hidden layers

e Necessary for our density ratio estimation to work:
e Binary cross entropy loss function
e Sigmoid activation function on the final layer

e |nput training data randomly divided into
15%/25% train/validation split

ol

QO O ()

A0 3000 000D

XTATTO00DODD

OO OO0 000D00L

[.0) -

().) 1

0.0 1

| —— ReLU

Sigmoid

¢(xz) = ReLU(z) = max{0,z}, and

¢(z) = o(z) =

1
1+e2’

o

0

N 4
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The MultiFold method

e Ultimate goal: reweight truth MC such that it ﬁ
ata

Detector-level

Nature

becomes the “truth data” \

Step 1: Use a neural network to determine a reweighting function, \
@ (X"®°), that will transform the reconstructed MC to match data for all

observables (what we just did!) Step 1:
Reweight Sim. to Data
Data
: Detector-level MC
\ R
PARS

Simulation

Particle-level

Particle-level MC

o
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The MultiFold method

e Ultimate goal: reweight truth MC such that it
becomes the “truth data”

Step 1: Use a neural network to determine a reweighting function,

@ (X"®°), that will transform the reconstructed MC to match data for all
observables (what we just did!)

“Pull” weights: propagate weights in the form of multiplicative factors to
the truth MC

wneY

truth ->truth truth —>truth truth ->truth
cuen = (W) ), (W, ), .oy (Wy )

Nature

Simulation

Detector-level

Rew c1ght Sim. to Data

Data
Un—1

AR

Pull Weights

Detector-level MC >

Particle-level

Particle-level MC

=
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The MultiFold method

e Ultimate goal: reweight truth MC such that it

becomes the “truth data”

Step 1: Use a neural network to determine a reweighting function,

@ (X"®°), that will transform the reconstructed MC to match data for all
observables (what we just did!)

“Pull” weights: propagate weights in the form of multiplicative factors to
the truth MC

pull(1) _
%Cgt uth

((Wtruth X a)(—’reCO) truth) ( truth X a)( I'eCO) truth)
1

(w}\?“h X @(

)—érleCO) *truth))

Nature

Simulation

Detector-level

Step 1:

Reweight Sim. to Data

Data
Un—1

Detector-level MC

AR

Pull Weights

—>

Particle-level

Particle-level MC

=
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The MultiFold method
Detector-level Particle-level
e Ultimate goal: reweight truth MIC such that it
becomes the “truth data” Data \ Truth
\ /

Nature

Step 1: Use a neural network to determine a reweighting function, )@ \

@ (X"®°), that will transform the reconstructed MC to match data for all
observables (what we just did!)

Step 1: Step 2:
Reweight Sim. to Data Reweight Gen.
‘c - : : C : Un—1 %8, Wn, Un—1 — Vn
Pull” weights: propagate weights in the form of multiplicative factors to
Pull Weights

the truth MC Detector-level MC > Particle-level MC

Simulation

Step 2: Determine a reweighting function, v(ftruth), that replicates the
reweighting in Step 1 by reweighting the original truth MC sample to the
truth MC sample with the “pull” weights applied

%%gﬁth — ((W{ruth, )-étlruth), (Wéruth’ )—étzruth o (W]t\guth, x’}{]uth))
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The MultiFold method

Detector-level Particle-level
e Ultimate goal: reweight truth MC such that it
becomes the “truth data” 0 Data Truth
=
g N N&
Step 1: Use a neural network to determine a reweighting function, \ / \
@ (X™°), that will transform the to match data for all
observables (what we just did!) Step 1: Step 2:
Reweight Sim. to Data Reweight Gen.
Data Wn
i ] ] o ] Upn—1 — Wnp Un—1 — Vn
“Pull” weights: propagate weights in the form of multiplicative factors to .
u eights

the truth MC Detector-level MC > Particle-level MC

Simulation

Step 2: Determine a reweighting function, v(ftruth), that replicates the
reweighting in Step 1 by reweighting the original truth MC sample to the
truth MC sample with the “pull” weights applied

%%Erlgth — ((W{ruth >< D()—étlruth), )-étlruth), (wéruth >< D()-étlruth), )-étzruth), L (W]t\guth >< V()-étlruth)’ zg\r]uth))
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The MultiFold method

e Ultimate goal: reweight truth MC such that it
becomes the “truth data”

Step 1: Use a neural network to determine a reweighting function,

@ (X¢°), that will transform the to match data for all
observables (what we just did!)

“Pull” weights: propagate weights in the form of multiplicative factors to
the truth MC

Step 2: Determine a reweighting function, v(ftruth), that replicates the
reweighting in Step 1 by reweighting the original truth MC sample to the
truth MC sample with the “pull” weights applied

“Push” weights: propagate weights in the form of multiplicative factors
to the

%%E(e)go — ((W{eco, )—grlec:()), (Wéeco, )—érzeco o (W]rveco, )—ER?CO))

Nature

Simulation

Detector-level

Step 1:

Reweight Sim. to Data

Data
Vpn—1 7 Wn

Detector-level MC

\ R
PARY

)

Pull Weights

—_—
<

Push Weights

Particle-level

Step 2:

Reweight Gen.

Wn
Un—1 7 Un

Particle-level MC

=
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The MultiFold method

e Ultimate goal: reweight truth MC such that it
becomes the “truth data”

-
=
7

Step 1: Use a neural network to determine a reweighting function,

@ (X¢°), that will transform the to match data for all

observables (what we just did!)

“Pull” weights: propagate weights in the form of multiplicative factors to c

the truth MC .%
=
£
7p)

Step 2: Determine a reweighting function, v(ftruth), that replicates the
reweighting in Step 1 by reweighting the original truth MC sample to the
truth MC sample with the “pull” weights applied

“Push” weights: propagate weights in the form of multiplicative factors
to the

h(1 truth, - truth, - truth, -
M B e = (Wi X VG ), X)W X v ), X50), o, (W X w( ), XN

Detector-level Particle-level

\%@
I

Reweight Sim. to Data

Step 2:

Reweight Gen.

Data

Wn
Wn 5 ——= Uiy Un—1 —=2 Un

Pull Weights

Detector-level MC > Particle-level MC

<

Push Weights
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The MultiFold method

e Ultimate goal: reweight truth MC such that it

becomes the “truth data” Data
Step 1: Use a neural network to determine a reweighting function, )\i\

@ (X¢°), that will transform the to match data for all
observables (what we just did!)

Detector-level Particle-level

Nature

Step 1: Step 2:
Reweight Sim. to Data Reweight Gen.
Data Wn
cc . . . T . Vn—1 7 Wn Un—1 —7 Vp
Pull” weights: propagate weights in the form of multiplicative factors to
Pull Weights

the truth MC Detector-level MC > Particle-level MC

Push Weights

Simulation

Step 2: Determine a reweighting function, v(ftruth), that replicates the
reweighting in Step 1 by reweighting the original truth MC sample to the
truth MC sample with the “pull” weights applied

And iterate...
“Push” weights: propagate weights in the form of multiplicative factors

to the

h(1 truth, - truth, - truth, -
M B e = (Wi X VG ), X)W X v ), X50), o, (W X w( ), XN
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The MultiFold method

e Final result: a reweighting function, (X", that
reweights the truth MC to become the
unfolded data

Nature

Simulation

Detector-level

Step 1:

Reweight Sim. to Data

Data
Vpn—1 7 Wn

Detector-level MC

\ R
AR

=

Pull Weights

—_—
<

Push Weights

Particle-level

Step 2:

Reweight Gen.

Wn
Un—1 7 Un

Particle-level MC

=
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The MultiFold method

Detector-level

Nature

e Final result: a reweighting function, (X", that Soen
reweights the truth MIC to become the
unfolded data \ )/\\

Unfolded Data = (w™" x wMF, xiruthy \

l

Step 1:

Reweight Sim. to Data

Data
Vpn—1 7 Wn

Detector-level MC

\ R
AR

Simulation

Pull Weights

—_—
<

Push Weights

Particle-level

Step 2:

Reweight Gen.

Wn
Un—1 7 Un

Particle-level MC

=
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The MultiFold method .

e Final result: a reweighting function, (X", that Soen
reweights the truth MIC to become the
unfolded data \ )/\\

Nature

Unfolded Data = (w™" x wMF, xiruthy \
Step 1: Step 2:
Reweight Sim. to Data Reweight Gen.
Vp—1 M Wn, Un—1 ﬂ% Un
WZNI F= Pull Weights

Detector-level MC > Particle-level MC

Push Weights

Simulation
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The MultiFold method

e Final result: a reweighting function, v(X™™), that

reweights the truth MIC to become the
unfolded data

Unfolded Data = (w™" x wMF, xiruthy
e Resultis

e Completely unbinned: measurementis an
event sample instead of a 1D histrogram like
in a traditional unfolding algorithm

e Multidimensional: in this analysis,

24 observables as input = 24 dimensional
unfolding

Nature

Simulation

Detector-level

Step 1:

Reweight Sim. to Data

Data
Vpn—1 7 Wn

Detector-level MC

\ R
PARY

)

Pull Weights

—_—
<

Push Weights

Particle-level

Step 2:

Reweight Gen.

Wn
Un—1 7 Un

Particle-level MC

=
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The MultiFold method .

e Final result: a reweighting function, v(X™™), that Data
reweights the truth MC to become the
unfolded data

Unfolded Data = (w™" x wMF, xiruthy

Nature

. .
Result is et -
e Completely unbinned: measurementis an Rewelgh;&m- o Dasa Reweight Gen.
. . . ata Wn
event sample instead of a 1D histrogram like Vn—1 = W Vn—1 < vy

in a traditional unfolding algorithm Detector-level MC "““Weightls Particle-level MC

Push Weights

e Multidimensional: in this analysis,

24 observables as input = 24 dimensional
unfolding

Simulation

‘A result in this format is hugely beneficial. For example, can:
* Freely rebin data after the analysis is complete

'« Construct new observables after unfolding provided they can be calculated from the input 24
 Place cuts on the analysis phase space after unfolding
e Easily construct multi-dimensional distributions

I
\
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Part 3: Analysis



/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson

 Precision probe of the Standard Model

w
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson

 Precision probe of the Standard Model

. B - . — r—— , p
» The Z boson is a massive gauge boson |

. Mediator of electroweak interaction
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson

 Precision probe of the Standard Model

pe p

=
+

-« The Z boson is a massive gauge boson

'« Mediator of electroweak interaction

* In this case, interested in the decay to |
a muon and an anti-muon

e ~3.4% of the time
-+ "Easy” to reconstruct - |

e _ S
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson

 Precision probe of the Standard Model

pe p

— | — ] P —
& The Z boson is a massive gauge boson | ‘

| . - - |
'» Mediator of electroweak interaction |

» In this case, interested in the decay to | |
a muon and an anti-muon *

e ~3.4% of the time




/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson

 Precision probe of the Standard Model

» The Z boson is a massive gauge boson |
| . | |
e Mediator of electroweak interaction

* In this case, interested in the decay to
a muon and an anti-muon

e ~3.4% of the time

i/\i

= = - - — e —— S

Quarks cannot exist as free particles

Undergo hadronization, producing a collimated
shower of particles known as a jet

Reconstructed by using a clustering algorithm to
group together tracks in the inner detector,
calorimeter energy deposits, or a combination of both
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson

 Precision probe of the Standard Model /
Iui 1% /

=
+

95



/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson

 Precision probe of the Standard Model
e (Observables: //
o p /
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson
Leading track jet:

 Precision probe of the Standard Model
Pt Y Cba M, My, Tp5 195 13

e (Observables:
+ p
JZ

= /42
H Pt s 125 ¢,,l2 Subleading track jet:
pTa ya ¢9 ma ncha Tla 729 T3
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson
Leading track jet:

 Precision probe of the Standard Model
Pt Y gba M, My, Tp5 195 13

e (Observables:
+ p
JZ

= /42
H Pt s 125 ¢,,l2 Subleading track jet:
pTa ya ¢9 ma ncha Tla 729 T3

p /

Charged hadron multiplicity




/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson
Leading track jet:

 Precision probe of the Standard Model
Pt Y ¢9 M, ey, T15 125 13

e (Observables:
+ p
JZ

T 2
H I# » M2 ¢M2 Subleading track jet:
pr Y. @, m,ny, (7

N-subjettiness: a jet substructure observable
that quantifies the degree to which a jet can

be classified as /V subjects
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson
Leading track jet:

 Precision probe of the Standard Model
Pt Y gba M, My, Tp5 195 13

e (Observables:
+ p
JZ

ut p2 1% #ﬂ’ Yup
Pt s 125 ¢,,l2 Subleading track jet:

pTa ya ¢9 ma ncha Tla 729 T3

= 24 total observables
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/+*jets events in the ATLAS detector

e Common process in the ATLAS detector and can be measured very precisely

e Low background process with easy-to-identify Z boson
Leading track jet:

 Precision probe of the Standard Model
Pt Y ¢9 M, ey, T15 125 13

e (Observables:
+ p
JZ

,l/ti u2 p'l;m’ yﬂﬂ
Pt > Hy2s ¢M2 Subleading track jet:

pTa ya ¢9 m9 ncha Tla Tza 7“-3

= 24 total observables

e Analysis utilizes the full ATLAS Run 2 dataset
e Centre of mass energy of \/E = 13 TeV and total integrated luminosity of 139.0 fb~!
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Results

e Two sets of results: one with pseudodata for validation, the other with data

e Pseudodataset allows access to truth information (target) so can confirm algorithm is
functioning as intended
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Results

e Two sets of results: one with pseudodata for validation, the other with data

e Pseudodataset allows access to truth information (target) so can confirm algorithm is
functioning as intended

e Datasets are publicly available along with example notebooks for their usage

[Z2 Launcher X | % 1_basics.ipynb X | W 2_pseudo_results.ipynb X | [ 3_results.ipynb X |+
B + X0 [ » m C » Markdown v # Python 3 (ipykernel) O

(o v &5 F R

- ATLAS Z+jets MultiFold: Basic usage and setup

Planned intervention: On Tuesday March 18th 06:30 UTC Zenodo will be unavailable for 10-20 minutes to perform a storage cluster upgrade.
This notebook presents basic usage and technical setup instructions of the MultFold ATLAS Z+jets measurement, based on the Run 2 pp dataset at ﬁ = 13 TeV. Two other

notebooks provide more advanced instructions on how to access and create plots of the differential cross sections, how to obtain the associated covariance, and how to

%‘ TLA The ATLAS Experiment at CERN perform statistical compatibility tests:

EXPERIMENT

« One with results derived from pseudo-data, with a known target: 2_pseudo_results.ipynb.
¢ One with the actual measurements based on real data: 3_results.ipynb.

Published June 6, 2024 | Version v1 m m Measured observables

The signal process is inclusive Z — ppu production with a fiducial region defined in the boosted regime: p'{“ > 200 GeV. In total, 24 Z+jets kinematic observables are
measured:

ATLAS Omni FOId 24'Di menSionaI Z+jetS O pen Data e pr, n and ¢ of each of the two muons (6 observables)

« The pr and rapidity of the dimuon system: pi¥, y,,, (2 observables)
ATLAS Collaboration sgs « The 4-momenta (pr, y, ¢, ™) of the two leading charged particle jets (8 observables)
« The number of (charged) constituents and n-subjettiness quantities 71, 72 and 73 for each of the same two jets (8 observables)

The dimuon system pr and y can be obtained from the muon kinematics, and can hence be seen as redundant. They are primarily kept for ease of use. The observables are

These datasets contain the unbinned, twenty-four-dimensional ATLAS Z+jets differential cross-section measurement presented in CERN-EP-2024-132. The measurements are ) )
labeled by 1 and 2 for leading and subleading in pr, respectively. That is: pé > p‘f .

presented as Pandas DataFrames in HDF5 format, and they are accompanied by MC predictions formatted as Numpy arrays. Measurements are provided both for *pseudo-
data", i.e. a validation MC sample with truth- and reco-level quantities that has been reweighted to match data, as well as real data.

Accessing the measurement and the predictions

In addition to accessing the notebooks and helper functions within this repository, you also need to have access to the data containing the actual measurement and the
associated predictions. Once all data are accessible, you can run the code below to load the dataset files defining the ATLAS OmniFold Z+jets measurement and its
uncertainties to memory. These are formatted as Pandas DataFrames.

### Download data
import os
if os.path.isfile("files/data/multifold.h5"):
print("Skipping download -- data already exists.")
else:
Irm -f files.zin
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Results

e Two sets of results: one with pseudodata for validation, the other with data

e Pseudodataset allows access to truth information (target) so can confirm algorithm is
functioning as intended

Datasets are publicly available along with example notebooks for their usage

A look at the event sample content

Assuming the above worked, we can look at a fraction of the key content of multifold . This is the most important data file, as it provides the central value and most
uncertainties:

multifold
pT_ll pT_I1 pT_I2 eta_lI1 eta_l2 phi_I1 phi_l2 y_Il  pT_trackjl y_trackjl ... weights_trackPtScale weights_thec
0 479.442780 288.466919 198.183929 -0.117443 -0.334414 0.893844 0.543039 -0.205878 243584351 -0.924242 . 0.003174 0
1 274524994 166.120789 125.378044 0.313321 0.368928 2.230892 1537930 0.337239 96.407021 -1.158080 ... 0.008168 0
2 462713226 335.697479 133.157684 0.766387 0.534180 1191890 0.832184 0.700256 86.603012 -1.048886 ... 0.001638 (
3 215157608 189.518021 25.711994 1.083798 -0.190828 2.326127 2.406116 0.904586 222.285919 0.166012 ... 0.004669 0
4 222458313 128.850159 108.589226 -0.635713 -0.972127 -2.909612 2.656590 -0.789699 206.385544 0.392547 .. 0.002102 (
418009 934.971924 738.464722 196.525192 0.102944 -0.133273 2.388935 2.404151 0.053082 475.055756 0.811634 .. 0.000069 0
418010 245.813461 166.847061 93.757919 1.308837 1533588 1.591105 0.884510 1.389817 713.371887 1.452970 ... 0.000193 C
418011 478.670349 378.737518 108.016479 -0.328871 -0.227935 -1.235470 -1.675783 -0.306456 100.177452 0.050614 .. 0.001969 (
418012 278.586029 249.255356 43581135 0.632484 0.687496 -0.966683 -0.071259 0.640673 224.825485 1490560 ... 0.003238 (
418013 244505249 219.796280 40.357105 1.833223 2.060005 -2.618515 2.682077 1.868578 97.057076 0.686043 .. 0.000947 0

418014 rows x 276 columns
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Results: 24 observables

= - - ~ — ¥ 2 T = wof an — v .2 ™1 =swob s T o v .
% ATLAS BTV e | F ATLAS GeuTy, met | 5 ATLAS VamlsTev, ot | S| ATLAS =13 TeV, 130 "
- . .\ = : a oo 4 v q - % ’
3 Z - g, G > 200 GeV & Y Zop sG] Lot Z s >0 GV | el f Z s g, F > 200 GaV |
R 2 ° “xn‘- ‘.L.; ;b-;-‘_l)l.l X 9 ™ - g 5 5
= IX » K v + Vgl LS —_— = m R m
) e o Do Vas MS+PWE + X = [ wop -+ = 1 a0t - L | 1
—— ,
_3 e OwedFobl Duta 3| o —.— —— - -_
LI P —— 4 [ 1 xo kb ] x0b
— o -~ —~
— 0-t
. . - . : . 1) bt . . 0 bt . .
: : = =
= . 3 v v v 5 % -
=13 S5 awsf ) ) ) i Si1sfp ) N )
210 pp———— + -?IDF—F'—'—I v o b—_——————————————_— ]
203 . . . 205 . . . dosp . . N 1 fosp . . . .
= 20 400 w0 g0 1m0 0 ET) w0 2 2 1 0 1 2 _?, 2 1 0 1 2
Leading lepton pr [GeV] Subleading lepton pr [GeV] Leading lepton 5 Subleading lepton
— 600 - y - —&00 , - - o P— v v = 10° ™ v v
E | ATLAS Viel TV, imp | S | ATLAS el TV, 1M e | & g [ AILAS VATV, o mt | ATLAS Vo mIS T, 139 " |
> Z 4 g, pY > 20 GeV > Z <, g > 20 GeV é Z = pp, @Y 520 GV .é" 108 Z = pp, piy > 20 GeV
= 400 1 Zaoof 1: " Py > 6 GaV P L > 6 GeV
~ ~ = b, -
qb-mmr‘l‘l'r# W TP e P 1
20 b a0p u’ [ ]
b o [
. -
0 . N n " .lﬂ A A A A . i N M i
R “ - ol
= = S v v v v = v r v a
213 N " v S5 ’ v v 215 S 1.6
210 B S A S 210 - * 2 L0 +
203 X ‘ . 205 ) . ) 305 . . . . 3005 . . . .
3 2 i 2 3 2 0 2 = W0 40 600 800 10m = L
Leading lepton ¢ Subleading lepton & eading jet pr [GeV) Subleading jet py [GeV)
e v v v - v = v v v v v .’ 800
£ ATLAS f=_ 18 DY 13 £ ATLAS A iy s g y y N 5 ns y '
sf VieB TV ame St VieU TV, am et | € ATLAS JaelsTev, 100t | ATLAS V=13 TeV, 130 i
< Zpe "> INGN | T Zbpp " >W0GV | F Zoopp iy >u0GeV | F Z - g, g > 200 GaV
4 gl pY >5GeV 4 66V | wam P> 6Gev ] 5 400p Pl > 5 GaV
ffl‘t""l‘* amk = e ]
o r T, ' - - {---wm*
- - am }.,. ..1 200 { =0
20F 2 * -
ok 2 : , : ok . ) : : : \ : .
3 - - - - - 3 - - . - " 3 v 3 ,
2156 =15 213 S5
El.nm— -le e —————— 210 3210
2asp \ X N ) 2osp N X X X A0s X N A05 N ) X
= -2 1 0 1 2 = -2 -1 0 1 2 = 2 0 2 = -2 0 2
Leading jet y Subleading jet y Leading jet ¢ Subleading jet ¢
E [ ATEAR Vo =13 TeY, 139 &7 f~"m [ ATLAS NAETE SUSTTS B ‘ ATLAS VaelsTeV, 10 | ATLAS S =18 TeV, 130 "
é:- 1 r Z b, > 00 GeV 1 2..“) ! Z b pp, g2 > 200 GV ] & i { Z = pp, py" > 200 GeV 1 21 [ Z = o, B 200 GV
. =1 - v asCeV | & W > 5 GeV
T L0ME e 3 T 3 — Fr =0 ke 3 Pr >3
} ‘ > ¢ e e —_—
-;-:' G ame : * 1 L._ — ) 108 r'_ ——
= u L - —— ——
3 b !
. — 2m Y 1 w
h - - . . . . . ; . : g
- 3 - -
d1s ' ) Suf " " " T G ) ) ) g15 ) ) )
= 1.0 prepe— v - 10— r—r—r——] | p———— * = L0 py= W— ]
505 . R a LLE] i i . i 305 . . 3 0.5 " . .
= N0 40 600 00 1000 2 -2 1 0 R 10 20 an = 10 m  ®
Dilepton pr [GeV]| Dilepton y Leading jet ng, Subleading jet n
X 10| ATLAS VIS TW, I &t X __| A3%AP Vi=IB TV, 1t | S ) ATLAS Vil Tev, ot | S10F ATLAS VA =13 TV, 130 i ]
& Z o >mocew | 10 Zoapmprsmey] 3§ [ Z o >0 GV | 5 Z - g, > 200 GaV
Py 1| Sp—— PGV | T e pEssCev] 3 W66V ] 30t Pl > 5 GeV
A A 10" g -
) '-.- —— 1 4 1 ] - ] P‘ _ — ——
3 100 — A — - —_—
v [ 1 U it -— 10 { 1
— [ 1 i 1
[ . ] . ) - 1 . ; - 1 . A A A
3 v 3z v v . 3 v v = . v .
=146 =15 f=1 B S 16
L ——— - 210 - - - S e e——— - 210 ety — +
205 . . ) 205 ; " . {1 2os . X K K 2onf . K K K
= 0 o A0 @ = 0 10 P a0 Al = 00 n.2 0.4 a6 ns 2 00 0.2 a4 06 ns
Leading jet m [GeV| Subleading jet m [GeV Leading jet 7 Subleading jet
S pATLAS PIRROR TS : ATLAR VA3 TV, 130 B S [ATLAS el Ty, e | = | ATLAS VF =18 TeV, 139 "
510 ! Z s g, > 0 GaV ] Z o, gy > 20 GeV % 108 Z < pp, g > 200 GeV % 106 [ Z g, fly > M0 GV ]
A . MGV ] 3§ P >5GY ] 3 [ = >6GeV ] > 6 GeV
o g - 1 L —— 1 —— -
-_— ] 104 ——
. - —— 1 [ —— ] 1 e !
! [ ] T
* . 1 - 'y B
¢ - - = = a a A s " a A 2 a a a r r r
o = = =
2 - - v - - ~ - - ] v - ~ v - ] - - - - -
216 815 S5 =83
e - . Y Y - -
S0 ~ Z 10 [r——— + Z 10 gy -- 2 10 pw ~ -~
205 N - K 205 - . . . { 3ns . K ~ . - 305 N ~ . N ‘
= o0 ol 0z 03 04 05 2 oo 0L 02 03 04 05 = 000 005 0I0 015 0.2 025 0.3 = 000 005 010 0.15 020 025 0.3

Leading jet n ' Subleading jet Leading jet 3 Subleading jet



Results: 24 observables

e Histograms crafted from the results dataset
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Results: Derived observables

e (Observables constructed from the resulting dataset that were not included in the original
24 Input observables
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Results: Reduced phase space

e Examining a subset of the original phase space
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Lessons learned

Lots of data preprocessing!

e MC samples at ATLAS have a large fraction
of negative weights

e \We had to do an additional reweighting step
In the preprocessing to remove negative weights
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Lessons learned

Lots of data preprocessing!

e \We had to do an additional reweighting st
In the preprocessing to remove negative v

MC samples at ATLAS have a large fracti
of negative weights

Uncertainties!

Neural networks are randomly initialized
Slightly different result each time

Need to ensemble networks to get a
nominal weight with an uncertainty

Results in an additional uncertainty
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Lessons learned

e | ots of data preprocessing!

e MC samples at ATLAS have a large fraction
of negative weights

e We had to do an additional reweighting step
in the preprocessing to remove negative weights

e Uncertainties!
e Neural networks are randomly initialized
e Slightly different result each time

e Need to ensemble networks to get a
nominal weight with an uncertainty

e Results in an additional uncertainty
e Being careful with our final result to make sure things are independent
e Split our samples into two, the larger chunk was used to train the NNs

e The NN was then applied to a completely independent set of events, which is our final
result 112



More lessons learned

e Wraparound effect

e () coordinate in ATLAS ranges from 0 to 27z Towards ground level
n =70

Towards centre of LHC



More lessons learned

e Wraparound effect

e ¢ coordinate in ATLAS ranges from 0 to 27
e NNs struggle with this effect

e Solution: input sin(¢) and cos(@) instead
e The ghost of ignored normalization
e \Weights are standardized at each step of the MultiFold process

e |n order to regain the correct cross section for the final measurement had to determine
the appropriate scaling factor using properties of the MC and data

e May be possible to incorporate this into the networks?
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Conclusions

e Presented a precision measurement of Z( — uu)+jets production at the LHC

e This analysis demonstrates the first use of the MultiFold method in an ATLAS analysis
e The first unbinned and 24 dimensional measurement
e Results are publicly available in the form of a dataset containing:
e The value of each of the 24 observables
e A nominal weight
e Alternative weights associated with each of the uncertainties
e User guides are also published to provide instructions for usage
e MultiFold shows comparable results to standard methods, but with all the added benefits
e All tests performed with pseudodata show good agreement with the target
e Theoretical predictions generally agree well with data

e Results in this format are much more flexible and very useful for the particle physics

community

Thanks for listening! 115



