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Polarization of massive vector bosons

Polarization = alignment of particle’s spin along its momentum

— L

‘ﬁ with eigenvalues
p
h = +1 - transverse polarization states )

Helicity /= S -

h=0 - longitudinal polarization state q 1
W ”

-~ Longitudinal state only for massive particles
— h = 0for MVB as direct consequence of EWSB

— sensitive to SM gauge symmetry structure,
EWSB mechanism and BSM physics
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Polarization fractions of massive vector bosons

Completeness relation

Matrix element:

, i o RN Up i o k“k”
M=Myuga M3+irVMV( 9t ) M I ZE’\

M= My and |MP=D M+ D MMy, AN =L+, -
A A AEN

M|? = IMy]? + IM1)? +2Re (MEML) + 2Re (MEM_)
where |MT|2 = |M+|2 + |/\/l—|2 +2Re (MIM_)

\
/
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Polarization fractions of massive vector bosons

Matrix element: Completeness relation

, i o RN Up i o k“k”
M=Myuga M3+irVMV( 9t ) M I ZE’\

M= My and |MP=D M+ D MMy, AN =L+, -
A A AEN

M|? = IMy]? + IM1)? +2Re (MEML) + 2Re (MEM_)
where |MT|2 = |M+|2 + |/\/l—|2 +2Re (MIM_)

q D -
MmE My H

Polarization fractions:. 1, = M re = M \JMNZW\< L+
MP M ’

2 Re (MEMT)
Tint = |M|2

:1—7‘L—T‘T

\
/
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New approach on VB polarization tagging

Previous studies: New approach:

Classification-based formulation Regression-based formulation

T M. Grossi, M. Incudini, M. Pellen, and G. Pelliccioli, Amplitude-assisted tagging of longitudinally polarised
bosons using wide neural networks. Eur. Phys. J. C 83 (2023) no. 8, 759, arXiv:2306.07726 [hep-ph]. 26
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Output
r, and r of MVB

. I t
NNs architectures o4 of Fo particles

Hidden layers

1) Multilayer Input

pe rce pt ron @ Oﬁ;‘;g;lt
DI BRIG
O e S S S > Optimization of the

NN hyperparameters
with the framework
OPTIMA?

2) Transformer

Self Attention MLP

2 https://pypi.org/project/optima-ml/
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First results for pp — Zj @LO+PS with MLP

Polarization fractions 20 Relative prediction error of r;
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Results for Z+jets @ LO



Z+jets @ LO Distribution of 7 and r¢
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Z+jets @ LO Distribution of 7 and r¢
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do/dr; [arb. unit]

do/dr; [arb. unit]

Z+jets @ LO Distribution of 7 and r¢
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Z+jets @ LO Distribution of 7 and r¢
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Z+jets @ LO Distribution of 7 and r¢
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Z+jets @ LO Relative Prediction Error of 1}
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Results for Z+jets @ LO+PS



Z+jets @ LO+PS Distribution of ;7 and 1t
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Z+jets @ LO+PS Distribution of ;.
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Z+jets @ LO+PS Distribution of ;7 and 1t
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Z+jets @ LO+PS Distribution of ;7 and 1t
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Z+jets @ LO+PS Distribution of ;7 and 1t
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Z+jets @ LO+PS Relative Prediction Error of 1},
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Summary and outlook

Starting point: Longitudinal polarization of MVBs is a direct consequence of EWSB
— serves as a sensitive probe of the Higgs mechanism and potential new physics
So far: classification-based formulation of polarization tagging with NNs
- depends on abstract, nonphysical target variable with unknown distributions
Now: reformulation of polarization tagging as a regression task on event-level polarization fractions
Target variable: physical observables with well-defined distributions
— quantitative comparisons between predictions and MC truth for systematic improvement
Examplary test case: Z+jets production at LO and LO+PS
What has to be taken into account when including higher orders?

Future studies: W+jets production and diboson studies like WZjj-VBS
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Thank you for your attention!



Appendix



Results for Z+jets @ LO+PS
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Z+jets @ LO+PS Relative Prediction Error of 1},
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Z+jets @ LO+PS
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Results for Z+jets @ HO+PS



Z+jets @ HO+PS Distribution of 7 and 1
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Z+jets @ HO+PS Relative Prediction Error of ;.
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Phasespace effects for Z+jets @ LO+PS



Z+jets @ LO+PS Distribution
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Pred. / Truth

Z+jets @ LO+PS Relative Prediction Error of 1},
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Summary and Outlook

Starting point: Longitudinal polarization of MVBs is a direct consequence of EWSB
-> serves as a sensitive probe of the Higgs mechanism and potential new physics
So far: classification-based formulation of polarization tagging with NNs
-> depends on abstract, nonphysical targets with unknown distributions
Now: reformulation of polarization tagging as a regression task on event-level polarization fractions
Input: experimentally accessible final-state quantities
Target: physical observables with well-defined distributions
-> quantitative comparisons between predictions and MC truth for systematic improvement

Future studies: W+jets as well as diboson studies such as WZjj-VBS
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Results for W+jets and WZjj-VBS



Distribution of the Polarization Fractions
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Kinematic Distributions for the Polarized Samples
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Results for W+jets
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esults for WZjj-VBS
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