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κλ =1 for Standard Model

Parameterizes possible deviations from the 
Standard Model Higgs self-coupling

Why study Higgs pair production?

where:
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The Higgs Potential:

● H3 term → trilinear Higgs self-coupling
● H4 term → quartic Higgs self-coupling

The self-coupling λ determines the shape of the Higgs potential

Higgs boson pair production provides direct sensitivity to the 
trilinear Higgs self-coupling



gluon gluon Fusion
ggFHH 

(dominant)

Vector Boson Fusion
VBFHH 

Double Higgs Signal Processes: ggFHH and VBFHH  

● 30.77 fb at  √s = 13TeV
● 34.13 fb at √s = 13.6TeV
● contains the Higgs self-coupling 

● 1.69 fb at  √s = 13TeV
● 1.87 fb at √s = 13.6TeV
● less sensitive to the trilinear coupling, also 

sensitive to the quartic VVHH coupling
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Double Higgs Production HH ➞ bbγγ decay channel  

● Low branching ratio (~0.26%), but clean 
experimental signature: two high-energy photons 
and two b-jets make the final state identifiable

● Excellent diphoton mass resolution  and trigger 
efficiency

● Low background contamination compared to 
all-hadronic channels

● One of the most sensitive channels for probing the 
Higgs self-coupling and HH production 
cross-section

Why the HH ➞ bbγγ channel: 
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Background Processes to HH ➞ bbγγ decay channel  

Single
Higgs

ggF H(γγ)

VBF H(γγ)

WH(γγ)

ZH(γγ)

ttH(γγ)

bbH(γγ)

γγ +
γγ+bb

γγ+other jets

Single Higgs production:

● Real Higgs with H➞γγ, but not from Higgs pair production

● Especially ttH has a large cross-section

● Contributes to background in diphoton mass window

Continuum background γγ + jets:

● Main background

● Two photons from QCD processes plus jets (some b-jets or 
mistagged light jets)

● Very similar final state to the signal
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Cutflow Challenge - ntuple validation

● Validated the newly produced Run 2 and Run 3 analysis ntuples: 
/eos/atlas/atlascerngroupdisk/phys-higp/PHOTON/hh-h-yy-couplings/v2p1/Run3_mc23/

● Reproduced event yields and cutflow efficiencies
● Studied the impact of event selection on signal efficiency and background rejection
● Compared two different b-tagging working points
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Source: arXiv:2507.03495

https://arxiv.org/abs/2507.03495


Cutflow Challenge - ntuple validation

● Validated the newly produced Run 2 and Run 3 analysis ntuples: 
/eos/atlas/atlascerngroupdisk/phys-higp/PHOTON/hh-h-yy-couplings/v2p1/Run3_mc23/

● Reproduced event yields and cutflow efficiencies
● Studied the impact of event selection on signal efficiency and background rejection
● Compared two different b-tagging working points

Run 3:Main signal:
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Run 3:

Cutflow Challenge - ntuple validation

Main background:
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● Validated the newly produced Run 2 and Run 3 analysis ntuples: 
/eos/atlas/atlascerngroupdisk/phys-higp/PHOTON/hh-h-yy-couplings/v2p1/Run3_mc23/

● Reproduced event yields and cutflow efficiencies
● Studied the impact of event selection on signal efficiency and background rejection
● Compared two different b-tagging working points



Main Signal and Background yields

Run 2 Run 3 Run 2 + Run 3

Before 
b-tagging 90% WP 85% WP Before 

b-tagging 90% WP 85% WP Before 
b-tagging 90% WP 85% WP

ggF HH (bbγγ) 4.25 2.327 2.03 5.565 2.918 2.536 9.815 5.245 4.566

VBF HH (bbγγ) 0.212 0.086 0.07 0.272 0.104 0.089 0.484 0.156 0.159

γγ + jets 295836.517 3397.641 1685.496 464075.194 5591.698 2629.364 759911.711 8989.339 4314.86
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Comparison of mγγ shape in Single H and HH Production
● Assumption: mγγ shape for single Higgs production and diHiggs production
● Different production mechanisms can modify event kinematics: Higgs boost, photon pT, detector acceptance
● These effects could potentially impact the diphoton mass shape
● Compared:

- ggFH vs ggFHH
- inclusive single-H vs inclusive diHiggs samples

● Performed Gaussian fits in the signal region
● Inside the signal window:  

95.57% of ggFH Run 3 events 
98.02% of ggFHH Run 3 events
97.09% of all single Higgs Run 3 events
97.98% of all diHiggs Run 3 events
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Machine Learning (Neural Network) for Signal-Background Separation in HH → bbγγ : Run 2 + Run 3 

High Mass Region
85% 2pBjets

Run 2+Run 3 
(140fb-1+168fb-1)

diHiggs
SM (AF3)

ggF HH
(bbγγ) 3.982

4.107
VBF HH
(bbγγ) 0.125

Single
Higgs

ggF H(γγ)

35.803

1855.755

VBF H(γγ)

WH(γγ)

ZH(γγ)

ttH(γγ)

bbH(γγ)

γγ +
γγ+bb

1819.952

γγ+jets
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Neural Network Setup

● Trained for the high-mass analysis region (m*bbγγ ≥ 350 GeV )
● Goal: separate HH signal from continuum and Higgs backgrounds
● Input features based on event kinematics and reconstructed Higgs candidates
● Dataset split:

50% training
25% validation
25% testing
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Z = 0.737±0.029

Binned Significance Estimation

● Neural network output used on test set to separate signal-like and background-like events
● Events grouped into bins of NN score
● Expected significance estimated for signal region: 120GeV< mγγ< 130GeV using the Asimov formula



Background Normalization Using mγγ Sidebands

● Used mγγ sidebands to estimate continuum background normalization
● Derived a global scaling factor a=1.599 ± 0.023
● Initial significance estimates used this global normalization approach
● Applied the same normalization across the NN regions
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Background Modeling in Split NN Regions

Motivation

● Previous background estimation used a 
single global normalization factor

● Investigated whether the continuum 
background behavior remains stable across 
NN-score regions

● Studied the validity of a universal 
background scaling approach

Methodology

● Applied the trained neural network to the events

● Split events into multiple NN-score regions:
- background-enriched
- two intermediate
- signal-enriched

● Studied the mγγ distributions separately in each region

● Excluded the Higgs signal window: 120<mγγ<130 GeV

● Performed exponential fits to sideband distributions
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Does the continuum background behave in the same way across the entire NN score?



MC events 
(γγjets)

a=
149.09
 ±15.53

b=
0.0172
±0.0008

391.74
a=

294.11 
± 28.14

b=
0.0189
±0.0008

594.49
a=

420.88
±38.44

b=
0.0235
±0.0007

448.16
a=

30.89 ± 
6.04

b=
0.0273
±0.0018

21.15

Comparison of Sideband Fits in NN Regions

● Compare fit parameters between background
● Test whether the normalization behavior is universal across NN regions
● Investigate possible region-dependent differences in continuum background modeling
● Evaluate the impact on background estimation and significance calculation

exponential fit: 
ae-bmγγ

15

0-0.04 0.04-0.2 0.2-0.92 0.92-1



Sideband Shape Comparison between NN Regions

● Variations more pronounced in:
- the signal-enriched region
- Region 3 (0.2<NN<0.92)

● Signal-enriched region limited by low statistics
● Region 3 contains the strongest mixture of signal-like and background-like events
● Possible NN-region dependence of continuum background shape
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Study of Region 3 Subcategories
● Broad NN-score range in Region 3 suggested mixed signal/background composition
● Region further subdivided to study shape stability in finer NN intervals

Sub-regions:
r3a: 0.2<NN<0.6
r3b: 0.6<NN<0.8
r3c: 0.8<NN<0.92
Highest-score region motivated by current BDT-based analysis strategy
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Region: r3a
MC (γγjets only): 331.42
MC fit: a=310.93 ± 30.23, b=0.0239 ± 0.0008

Region: r3b
MC (γγjets only): 76.77
MC fit: a=67.12 ± 10.12, b=0.0233 ± 0.0012

Region: r3c
MC (γγjets only): 39.96
MC fit: a=43.40 ± 7.33, b=0.0250 ± 0.0014



● Similar b values are observed in r3a, r3b 
and r3c

● No strong evidence for a significant 
change in the continuum background shape

● Region r3c contains fewer mixed 
background topologies after NN selection

Higher NN-score regions are increasingly 
statistics-limited:

in Region r3b:
~77 MC events

in Region r3c:
~40 MC events

Study of Region 3 Subcategories
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Exponential slope comparison 



Two Neural Network Approach - Motivation
The previous model combines all kinematic variables into a single classifier:

● mbb is the most powerful discriminating variable
● Other inputs provide smaller additional separation and contribute at a secondary level

Introduction of a two-stage NN approach:

● First Neural Network: signal-background separation without mbb related information
● Second Neural Network: refinement using first Neural Network output + mbb information
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Two Neural Network Approach - Binned Significance Estimation

Z = 0.464±0.015 Z = 0.786±0.037

Explored a staged learning strategy:

● Separating the learning task allows the discriminating power of mbb to be incorporated later 
● Expected significance shows slight improvement in comparison to the single neural network
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Two Neural Network Approach - Bootstrap Stability Study

Purpose: 

Assess the stability of the neural network performance and 
the consistency of the estimated significance 

Compare the performance of the baseline and two-stage 
neural network architectures

Method:

● Performed resampling (bootstrapping) across 
multiple iterations

● For each iteration, retrained and computed the 
corresponding significance

Result:
● Single Neural Network: Z = 0.749 ± 0.017
● Two-stage Neural Network: Z = 0.760 ± 0.024
● Both approaches show stable performance across 

bootstrap iterations
● The two-stage architecture achieves a comparable 

or slightly improved significance
● Warrants further investigation 21

two NN

single NN 



Conclusions
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● Validated the new analysis ntuples through cutflow studies

● Verified the consistency of the reconstructed mγγ shape between single Higgs and di-Higgs production

● Applied a neural network to enhance signal-background separation

● Investigated continuum background modeling across neural network score regions

● Developed and evaluated a two-stage neural network architecture

● Bootstrap studies indicate stable performance, with only a modest improvement in significance

● Further optimization and validation are required to assess the full potential of the approach

Thank you for your time


