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Higgs couplings

“PROMISED™ PRECISION OF ATGC
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Higgs measurements. High precision Anomalous Triple Gauge Couplings.

mainly from Higgs BR From differential measurements of
diboson events

Issue raised in the ECFA report
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DIFFERENTIAL MEASUREMENT

Cut SR into Counts change with ~ Find the max likelihood
several bins theary parameterd  (best fit) of 0

]

Observable 2
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FROM BINS TO OPTIMAL OBSERVABLES

Define more and more bins, Dependence of each event by
stop by statistics T l ditterentiating amplitudes
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FROM BINS TO OPTIMAL OBSERVABLES
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Can be achieved during MC:
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Espejo- K. Cranmer, 1907.10L21L Lingfeng Li | 2401.02474

Expectation & limits on 8 are
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SYSTEMATIC EFFECTS S
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***QCD/Jet uncertainties

**Neutrino info only
inferred (non-linear)

‘*Beam ISR

Leading channel: WW Systematics drifts “*Detector resolution

semileptonic decays ‘ .

v'Discernable W bosons ' Not yE’[ |n|:|udEE| In pPDJEEtlunS ‘

v'Large BR (~50%) b e

v'Good reconstruction E
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INFERENCE FROM NEURON NETWORKS

L1 X2 X3 T4

a1 a2 a3 04

-rom classification to
"EQression

SALLY (Score approximates likelihood locally)

algorithm, the Optimal Observable extension

in Ml_ J. Brehmer. K. Cranmer. G- Louppe and J.
Pavez 1405.00013 - 1&805.00020

L=) lai(x)— oy

Loss function(al) Inferenced from  Truth
observables value

Other “likelihood free” (binless) algorithms
also apply. Not as good for very small © range

See also
CChen. Gliotia Panico. Wulzera

. . 2007.1035k+ CAmbrosio- Hoeve. Madiganas
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INFERENCE FROM NEURON NETWORKS

T1 Ty T3 T4
JOnly basic network structure and inputs

JFully connected (vanilla) network, 9 layers with
200 node each

dinputs: clustered jet momenta, lepton
momentum and a few derived values

21 input dimensions

(11/10 events are 4 fermion background
a1 a2 a3 A4 (semileptonic ZZ events with unidentified lepton)

Learnt post-parton
Stages
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INJECTING BACKGROUND NOISE
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TWO WAYS AGAINST BACKGROUND
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Training the SALLY algorithm
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One single network system
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Excluding the background

by a classifier.
Work separated in two
networks



STABILIZE PERFORMANCE

Training sample size: 2-10°,
much smaller than 108 e
expected at Higgs factories

Reconstructed Central Values of aTGCs for Sample-DB

 Ensemble of

8 networks

E I 00 oocC Sally-D Sally-DA  Sally-DC Sally-DCA Sally-DB  Sally-DBA
501 6K, o0 More Sophisticated
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Central Value of aTGCs
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SUMMARY

ISM precision tests relies on
differential measurements \3/1N3/:\
(especially aTGC)

JIntroduced ML to work against
systematic injections

Binless SALLY algorithm STILL MANY TO DO...

JApply to other problem at FCC
JdMore advanced network structure
JAML self-calibration of systematics

JPotential to control
uncertainties with
a small training set




