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From Collisions to Predictions: 

Search for Non-Resonant Higgs Boson Pair 
Production in the Fully Leptonic bbWW Final State 

using CMS Run 3 Data
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2) Machine learning 

• General training procedures 

• 3 ML models 

• Comparison & choice
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Theory
Standard Model of Particle Physics
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Theory
Standard Model of Particle Physics



Standard Model of Particle Physics

Theory

  

 

 

ℒSM = ℒgauge + ℒfermion + ℒscalar

ℒgauge = −
1
4
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μνG

μν
a −

1
4

Wi
μνW

μν
i −

1
4

BμνBμν

ℒfermion = ∑
ψ,I

ψ̄ I (iD̄) ψ I
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The Higgs Potential & Self-Coupling

Theory
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Trilinear Higgs Self-Coupling 

 V ⊃
1
2

m2
hh2 + λHHHh3 + λHHHHh4

trilinear
coupling

Core objective: Reconstruct shape of the Higgs 
potential 

• testing the SM 

• hints to the BSM (require EFT)
mass

quartic
coupling

term

Brout-Englert-Higgs Mechanism ( ) 

 

ℒscalar

V (ϕ†ϕ) = − μ2 (ϕ†ϕ) + λ (ϕ†ϕ)2



Probing new physics via EFTs -  FRκ
Theory
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mass

To parametrize these effects: SMEFT and HEFT

Expanding   after EWSB                               

From EFT point of view, we vary the Wilson coefficients to see ’s effect 

The  view: we scale the entire vertex 

SMEFT cannot shift  without shifting the 

ℒSMEFT κλ =
λhhh

λSM
hhh

= 1 + c6
v4

m2
HΛ2

Λ

κ

κ2V κV

gluon-gluon fusion (ggF) vector boson fusion (VBF)

κ2V
κλ κλ

κt

κt

κt

κV

κV



Machine learning
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Supervised learning

Machine Learning
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Data ML Model

Criteria (Loss)

: input features

: labels



General training procedure - Loss

Machine Learning
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Data ML Model

Criteria (Loss)



Optimization and validation

Machine Learning
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Preventing overfitting: 
• decreasing model complexity 
• add noise 
• early stopping 
• dropout… 

Preventing underfitting: 
• increasing model complexity 
• engineer better or more complex features 
• train for more epochs 
• adjust LR

Stratified cross-validation



Hyperparameters and performance

Machine Learning
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Hyperparameters 

learning rate 

batch size 

number of epochs 

architectural complexity

Performance metrics 

Confusion matrix 

Accuracy 

ROC and AUC

confusion matrix



Deep Neural Networks

Machine Learning
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x1

x2

Approximation for any continuous function 
Automated feature engineering 
Scalability with data 
Flexibility of architecture 

Considerations in HEP: 
• Input pre-processing (scale of the inputs) 
• Negative event weights

a = σ (
n

∑
i=1

wixi + b)

a: output of a neuron 

w: weight 

x: input 

b: bias 

: activation functionσ



Transformers

Machine Learning
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• an alternative to DNNs to solve vanishing gradient problem 

• core innovation: self-attention mechanism

Attention(Q, K, V) = softmax ( QKT

dk ) V

Q(query), K (key), V(value)

MultiHead(Q, K, V) = Concat(head1, …, headh)WO

encoder decoder
• decoder for generative applications

• residual connections for stable training and vanishing problem



Boosted Decision Trees

Machine Learning
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Hyperparameters: 

Number of boosting rounds 

Tree depth (splits)



Input features

Machine Learning
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Comparison of models - Loss

Machine Learning
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DNN Transformer BDT



Comparison of models - Loss

Machine Learning
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DNN Transformer BDT

DNN                 : 0 
Transformer   : 0 
BDT                  : 1



Comparison of models - Interpretability

Machine Learning
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DNN

Transformer

BDT



Comparison of models - Interpretability

Machine Learning
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DNN

Transformer

BDT

DNN                 : 0 
Transformer   : 0 
BDT                  : 2



Comparison of models - Robustness

Machine Learning
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Comparison of models - Robustness

Machine Learning
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DNN                 : 1 
Transformer   : 1 
BDT                  : 2



Comparison of models - Performance (ROC curves and training time)

Machine Learning
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DNN Transformer BDT



Comparison of models - Performance (ROC curves and training time)

Machine Learning
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DNN Transformer BDT

DNN                 : 1 
Transformer   : 1 
BDT                  : 3



Data Analysis
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HH bbWW→
Data Analysis
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BR(HH → bbWW → bblνlν) = 2.64 %



Data, MC samples and trigger

Data Analysis
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•  collected data in 2022 and 2023 

• Muon, MuonEG and EGamma datasets 

• Single + di-lepton triggers 

• MC samples for major bkgs ( , DY+jets, VV, ST, V+jets) 

• 4 ggF signal sample with different  

• 9 VBF signal sample with different  for coupling scans

62.4 fb−1

tt̄

κλ

κV, κ2V, κλ



•   GeV  

•  
• tight ID 
• at least 2 subjets with  

• ,  

• cleaned against fakeable leptons by  
A8 b-jets with  
• , 26%(22%)/2% ggF(VBF)

pT > 200
|η | < 2.4

pT ≥ 20 GeV, |η | ≤ 2.4
30 ≤ mSD ≤ 210 GeV τ2/τ1 ≤ 0.75

ΔR ≥ 0.4

particleNetWithMass_HbbvsQCD > 0.92

Object definitions

Data Analysis
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Loose 
•   GeV  

•  

•  cm 

•  cm 

• cleaned against loose muons by  

pT > 5
|η | < 2.5
|dxy | < 0.05
|dz | < 0.1

ΔR ≥ 0.3

•  

•  

• missing hits  
• loose POG WP

d /σd (SIP3D) < 8
Ie < 0.4 × pe

T
≤ 1

Fakeable 
•  GeV 

•  

• H/E  
•

pT > 10
σiηiη < 0.011/0.0301

< 0.1
1/E − 1/p > − 0.04

• conversion rejection 
• missing hits  
• tight WP no ISO 
• pNet of nearby jet < tight/medium  

• jet relative ISO 

= 0

3

< 0.7 (none)†

Tight 
• tight WP with ISO 
• pNet of nearby jet < medium 
• electron MVA > 0.3

Electrons

Loose 
•   GeV  

•  

•  cm 

•  cm

pT > 5
|η | < 2.4
|dxy | < 0.05
|dz | < 0.1

•  

•  
• loose POG WP

d /σd (SIP3D) < 8
Iμ < 0.4 × pμ

T

Fakeable 
•  GeV 

• pNet of nearby jet  medium WP 

• jet relative ISO*  (corrected in manuscript)

pT > 10
<

< 0.8 (none)†

Tight 
• medium WP 
• pNet of nearby jet < mediumMuons

•   GeV  

•  
• tight ID 
• cleaned against fakeable leptons by 

 
AK4 b-jets with medium PNet WP (80%/1%)

pT > 25
|η | < 2.4

ΔR ≥ 0.4

AK4 jets AK8 jets



Event selection

Data Analysis
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two opposite sign leptons , , μ−μ+ e−e+ e±μ∓

 GeVmll < 70  GeV70 ≤ mll ≤ 110  GeVmll > 110

signal region  control regiontt̄DY control region

number of boosted H bb→

number of b-tagged AK  jets4GGF boosted

 ≥ 1  = 0

 ≥ 2 = 1

GGF resolved 1b GGF resolved 2b

number of VBF jets

 = 0

number of boosted H bb→

VBF boosted

 ≥ 1

VBF resolved

 = 0

mjj > 500 GeV

|Δηjj | > 3.0

CMS AN-24-091

https://cmsfence.cern.ch/alcm/cmsanalysis/details/ancode=HIG-25-018


Data/MC match & BDT inputs

Data Analysis

31



Corrections to the data and the simulation

Data Analysis
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Scalefactors 
• despite the high precision in generators/

detector modeling, MC can still not excel 
• various sources 
• typically derived by comparing the 

performance of physics objects 

SF =
ϵdata

ϵMC

• data taking issues 
• EE in 2022, BPix in 2023 
• separate MC campaings 
• jet veto maps 

• pileup reweighting 
• trigger efficiency 
• noise filters to reject anomalous events 
• top quark  reweighting 
• btagging SFs and renormalization of weights 
• SF for AK8 b-tagged jet pair tagging 
• lepton corrections for ID/ISO/resolution 
• Z  reweighting 
• JEC/JER

pT

pT



Uncertainties

Data Analysis
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Experimental 
• Luminosity 
• Pileup 
• Trigger 
• Lepton ID/ISO 
• Top quark  reweighting 
• JES/JER 
• b-jet tagging 

• JEC/JER 
• flavor purity 
• statistical and c-quark jet uncertainties 
• correlations 

• boosted bb-jet tagging

pT

Theory 
• Inclusive cross sections, PDF 
• Matrix-element scale variations 
• Unconstrained normalizations 
• PDF-induced shape variations 
• Parton shower scales (ISR/FSR) 
• MC statistics

NPs in the fit



Binning strategy

Data Analysis
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for signal, from right to left 
• at least 10 MC events 
• max 20-30% uncertainty 
• coarser bins toward left 
single bin for CRs



Upper limits

Results
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0 20 40 60 80 100 120 140 160 180 200 220 240

Theory
σ HH) / →(pp σ95% CL limit on 

Observed: 76

Expected: 64
2022

Observed: 49

Expected: 76
2023

Observed: 35

Expected: 47

Combined

Observed          Median expected

                        68% expected    

                        95% expected    

Private work (CMS data/simulation)  (13.6 TeV)
-1

62.4 fb

0 100 200 300 400 500 600 700 800 900

Theory
σ HH) / →(pp σ95% CL limit on 

Observed: 305

Expected: 299

ggF 1b

Observed: 62

Expected: 80

ggF 2b

Observed: 83

Expected: 68

ggF Boosted

Observed: 38

Expected: 47

Combined

Observed          Median expected

                        68% expected    

                        95% expected    

Private work (CMS data/simulation)  (13.6 TeV)-162.4 fb



Impacts of systematic uncertainties
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Results

2− 1− 0 1 2

θ) / preθ - 
post
θPull (

−6 −3 0 3 6

rImpact 

 -0.06

 +0.07
0.96

 -0.06
 +0.061.01

 -0.05

 +0.05
0.82

σImpact +1 

σImpact -1 

Pull

Private work (CMS data/simulation)

62.4 fb  (13.6 TeV)
-1



Coupling scan
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Results
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Observed          Median expected

Theory prediction 68% expected    

SM prediction     95% expected    

Private work (CMS data/simulation)  (13.6 TeV)-162.4 fb

[-13.3, 19.0] observed, [−20.0, 23.7] expected
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Conclusion and Outlook

Compared to Run 2 analysis (27): 

•  

Run 3 analysis: 

• 12.7 (18.6) observed (expected) 

• Two-stage ML architecture 

• Multi-category simultaneous fit

62.4
138

× 35 ≈ 23.5

Run 3 delivered more than 300  
• some issues 
• better reconstruction & calibration 
• better analysis techniques involving ML 
HL-LHC 3000  
• global combination

fb−1

fb−1



Thank you !
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Backup
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Scalar sector
  with    doublet under   

 

non-zero VEV   

 

 

                

                     

ℒscalar = Dμϕ†Dμϕ − V(ϕ†ϕ) ϕ SU(2)

V (ϕ†ϕ) = − μ2 (ϕ†ϕ) + λ (ϕ†ϕ)2

v2 = μ2/λ = 246 GeV

ϕ(x) =
1

2
exp (iσiξi (x)) ( 0

v + h(x)) EWSB ϕ(x) =
1

2 ( 0
v + h(x))

ℒscalar = Dμϕ†Dμϕ + μ2 (ϕ†ϕ) − λ (ϕ†ϕ)2

=
v2

8 (2Wi
μWiμ + g′￼2BμBν − 2g′￼gBμW3μ) (1 +

h
v )

2

+
1
2 (∂μh∂μh) − λv2h2

⏟
− λvh3

⏟
−

λ
4

h4

⏟

−
λv4

4

kinetic term
mass trilinear

quartic
coupling

couplingterm

mH = 2λv = 125 GeV

 W±
μ =

1

2 (W1
μ ± iW2

μ)

(
Zμ

Aμ) = (cos θW −sin θW

sin θW cos θW ) (
W3

μ

Bμ )

(m2
WW+

μ W−μ +
1
2

m2
ZZμZμ) (1 +

h
v )

2

mW =
gv
2

= 80 GeV

ℒYukawa = − ∑
i

Y ij
l (L̄i ⋅ ϕ) l j + h . c .

                              

+ quarks (CKM)

−
Ylv

2
(l̄LlR + l̄RlL) (1 +

h
v )
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mZ = g2 + g′￼2 v
2

= 91 GeV

Backup



Higgs self-coupling
  with    doublet under   

 

 

non-zero VEV   

 

                

                     

ℒscalar = Dμϕ†Dμϕ − V(ϕ†ϕ) ϕ SU(2)

V (ϕ†ϕ) = − μ2 (ϕ†ϕ) + λ (ϕ†ϕ)2

ϕ(x) =
1

2
exp (iσiξi (x)) ( 0

v + h(x)) EWSB ϕ(x) =
1

2 ( 0
v + h(x))

v2 = μ2/λ = 246 GeV

ℒscalar = Dμϕ†Dμϕ + μ2 (ϕ†ϕ) − λ (ϕ†ϕ)2

=
v2

8 (2Wi
μWiμ + g′￼2BμBν − 2g′￼gBμW3μ) (1 +

h
v )

2

+
1
2 (∂μh∂μh) − λv2h2

⏟
− λvh3

⏟
−

λ
4

h4

⏟

−
λv4

4

kinetic term
mass trilinear

quartic
coupling

couplingterm

mH = 2λv = 125 GeV
42

Core objective: Reconstruct shape of the Higgs potential 

Measuring di-Higgs production 

• test the SM by probing the shape 

• hints to the BSM (require EFT)

Backup



Production modes and cross section

43

Backup



ggF HH box&triangular diagram interference

Backup
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Probing new physics via EFTs

Backup
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HEFT 

• Expanded by chiral loops & topology 

• EWSB is non-linear, Higgs is a scalar singlet 

• single H / di-Higgs 

• larger deviations  

• κ2V

mass

SMEFT 

• Expanded in canonical mass dimensions 

•  

• Higgs is SU(2) doublet, EWSB is linear 

• Motivates  search

ℒSMEFT = ℒSM +
c6

Λ2
(ϕ†ϕ)3 + . . .

κλ

•  hints BSM 

• to parametrize these effects

λHHH



SMEFT & HEFT Lagrangian

Backup

• Odd values of d cause lepton number 
violations forcing us to consider only the 
even values (usually only dim-6)

46

HEFT well suited for models with two 
EWSB (Higgs vev + higher energies) → 
composite-Higgs, etc



MC signal samples - Parameter points

Backup
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SM particles

Backup
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Standard Model of Elementary Particles
three generations of matter

(fermions)

I II III

interactions / force carriers
(bosons)

mass

charge

spin

Q
U

A
R

K
S

u
≈2.16 MeV/c²

⅔

½

up

d
≈4.7 MeV/c²

−⅓

½

down

c
≈1.273 GeV/c²

⅔

½

charm

s
≈93.5 MeV/c²

−⅓

½

strange

t
≈172.57 GeV/c²

⅔

½

top

b
≈4.183 GeV/c²

−⅓

½

bottom

LE
P

TO
N

S
e

≈0.511 MeV/c²

−1

½

electron

νe
<0.8 eV/c²

0

½

electron
neutrino

µ
≈105.66 MeV/c²

−1

½

muon

νµ
<0.17 MeV/c²

0

½

muon
neutrino

τ
≈1.77693 GeV/c²

−1

½

tau

ντ
<18.2 MeV/c²

0

½

tau
neutrino G

A
U

G
E 

B
O

S
O

N
S

V
EC

TO
R

 B
O

S
O

N
S

g
0

0

1

gluon

γ
0

0

1

photon

Z
≈91.188 GeV/c²

0

1

Z boson

W
≈80.3692 GeV/c²

±1

1

W boson

S
C

A
LA

R
 B

O
S

O
N

S

H
≈125.2 GeV/c²

0

0

higgs



Common supervised ML models in HEP
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BDT DNN

CNNGNN

RNN

Normalizing flows

Transformers

Backup
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General training procedure - continued

slow and memory-intensive

learning rate = length of the arrows

activation functions

Backup



Practical considerations in HEP analyses

51

Class imbalance and weighting 

Class reweighting 

Oversampling 

Undersampling 

Negative event weights

Feature engineering 

Low–level variables 

High–level variables

Interpretability and validation 

Feature importance 

Partial dependence plots 

SHAP values (SHapley Additive 
exPlanations) 

Backup



(Deep) Neural Networks

52

a = σ (
n

∑
i=1

wixi + b)

a: output of a neuron 

w: weight 

x: input 

b: bias 

: activation functionσ

x1

x2
back propagation

sigmoid 
or 
softmax

DNNs in HEP 
Approximation for any continuous function 
Automated feature engineering 
Scalability with data 
Flexibility of architecture 

Considerations: 
• Input pre-processing (scale of the inputs) 
• Negative event weights 
• Computational resources (architecture) 
• Hyperparameter optimization 

Current research: 
• Generative models for fast simulation 
• Real–time inference on FPGAs 
• Anomaly detection

Backup



DNN implementation for bbWW

• Fully connected network with 3 hidden layers (32, 
16, 8 neurons) 

• ReLU activation 

• output layer with a sigmoid activation 

• event weights are used from cutflow study + 
weight balance between signal & bkg is assured 

• negative weight events are removed, around 0.5% 
of total events

53

• binary cross-entropy 

• Adam optimizer 

• batch size of 1048, early stopping of 5 epochs on the 
validation loss, heuristic hyper-parameter search, 5 fold 
CV 

• Platt scaling 

• sigmoid squashes any number into 0-to-1 range but it 
doesn’t mean it’s truly probability 

• Platt scaling uses a validation dataset to train and 
adjust the sigmoid output to match the actual odds.

Backup



Transformer implementation for bbWW

• Binary classification 
• Transformer encoder-only model 
• The model receives a sequence of 8 embeddings 

representing the event: 2 leptons, 4 AK4 jets, 1 
AK8 jet, and the MET 

• Embeddings include ( ) and object-

specific parameters

Px Py Pz E

54

• each embedding is a MLP 
• 6 encoder layers stacked 
• 4 attention heads 
• positional encoding is not used 
• mean of the encoder output is used (b,s,d) 
• k-fold CV is not used due to computational 

expense 
• Platt scaling

Backup



Transformers in HEP

Advantages 
• global correlations 
• variable-length input 
• scalability 

Considerations 
• computationally expensive, to mitigate 

• sparse/hierarchical/linear attention 
• input pruning (reduce the sequence 

length) 
• choice of embedding also affect comp. 

time 
• dense/Lorentz-invariant/learnable

55

Backup



• XGBoost (Extreme Gradient Boosting) - L1/L2 

• LightGBM (Light Gradient Boosting Machine) 
- asymmetrical trees 

Advantages 

• Performance on tabular data 

• Training speed and efficiency 

• Robustness to small datasets

56

BDTs in HEP

Considerations 

• Feature engineering dependency 

• Correlated variables (selecting one) 

• Discrete nature and gradient descent 

Current trend 

• Differentiable Decision Trees 

• Fast inference on FPGAs for trigger 

• Gradient boosting for reweighting

Backup



• 200 boosting rounds with a maximum depth of 3 

• learning rate 0.1, decaying by a factor of 0.99 every round 

• early stopping if no improvement over 30 rounds 

• L1 and L2 regularizations 

• Taylor expansion to calculate both the first and second-order derivatives (Hessian) of the 
loss function 

• XGBoost

57

BDT for bbWW

Backup
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DNN Transformer BDT

Comparison of models - Performance (confusion matrices)

Backup



ML score distribution

Backup
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Event yields in SR categories

Backup
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Goodness of fit

Backup
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3− 2− 1− 0 1 2 3

toysσ) / 
toys

µNormalized test statistic (t - 

 = 7.1σ

 = 26.3µ
N = 1000

 1.7 %±p = 84.7 

ggF 1b

 = 7.7σ

 = 32.8µ
N = 1000

 1.4 %±p = 40.4 

ggF 2b

 = 8.9σ

 = 28.3µ
N = 1000

 1.6 %±p = 45.6 

ggF Boosted

 = 3.3σ

 = 5.9µ
N = 1000

 1.5 %±p = 68.3 
VBF resolved

 = 4.9σ

 = 11.7µ
N = 1000

 1.6 %±p = 41.1 
VBF boosted

 = 16.0σ

 = 110.4µ
N = 1000

 1.5 %±p = 34.3 
Combined

Toys (saturated)

Data                

Private work (CMS data/simulation)  (13.6 TeV)-162.4 fb



Run 3 scan comparison

Backup

62

[-13.3, 19.0] observed, [−20.0, 23.7] expected [-2.9, 5.0] both observed and expected

κλ κ2V

This thesis

Run 3 [-9.1, 15.7] observed, [-13.3, 19.8] expected [-0.20, 2.25] observed, [-0.48, 2.54] expected
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Coupling scans
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