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Introduction
● Differential measurement of the Higgs boson production in association with 2 jets in the H→W+W-→2ℓ2v decay 

channel using data collected by the CMS detector during the LHC Run 2 (L=138fb-1 , √s=13 TeV)

Vector boson fusion (VBF) Gluon gluon fusion + 2 jets  (ggH)● Cross section as a function of signed 
azimuthal angle difference ∆Φjj between the 
two leading jets in the final state

with
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Introduction
● Differential measurement of the Higgs boson production in association with 2 jets in the H→W+W-→2ℓ2v decay 

channel using data collected by the CMS detector during the LHC Run 2 (L=138fb-1 , √s=13 TeV)

Vector boson fusion (VBF) Gluon gluon fusion + 2 jets  (ggH)

Effective Hgg vertex

● Cross section as a function of signed 
azimuthal angle difference ∆Φjj between the 
two leading jets in the final state

with

BSM theories predict Anomalous Couplings (AC) in the HVV/Hgg 
vertex, which may impact the kinematic distribution of the dijet 
system

➔ Measuring the signal cross section regardless of the 
theoretical model governing the HVV/Hgg vertex
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Model dependence

● Signal extraction is typically performed by fitting the distribution of one or more observables to data using 
templates derived from Monte Carlo (MC) simulation

● These observables (e.g. mT, mll, DNN output) can be sensitive to the underlying signal model, leading to shape 
differences in the corresponding MC templates

○ The cross section may be biased toward the specific model used to generate the template
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Model dependence

● Signal extraction is typically performed by fitting the distribution of one or more observables to data using 
templates derived from Monte Carlo (MC) simulation

● These observables (e.g. mT, mll, DNN output) can be sensitive to the underlying signal model, leading to shape 
differences in the corresponding MC templates

○ The cross section may be biased toward the specific model used to generate the template

➔ A fit variable that discriminates signal from backgrounds but agnostic with respect to the signal hypothesis 

Implemented using an
adversarial deep neural network 

(ADNN)

What we need
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Adversarial deep neural network

★ Classifier trained to distinguish signal from 
background events, using samples from multiple 
signal hypotheses (SM+AC)

★ Adversary trained only on signal events to predict 
the signal model from the classifier internal 
representation

Eur. Phys. J. C (2022) 82: 921

The adversary penalizes the classifier if its data 
representation is sensitive to the signal hypothesis

● Adversarial component introduced to suppress the 
network ability to learn specific features of a given 
signal hypothesis

https://link.springer.com/article/10.1140/epjc/s10052-022-10871-3
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Model-agnostic classification

➔ SM and BSM shapes in 
good agreement, 
classifier unable to 
recognize the physics 
models of signal events

➔ Highly discriminative 
between signal and 
background

VBF-ADNN GGH-ADNN

*Fraction of events where predicted labels match the true labels (signal if Dsig≥0.5, background otherwise)

  91% 79%Binary accuracy*: 
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Analysis strategy in a nutshell

Preselection

Top DYSR

Signal region Control region

● Different-flavour (eμ) final state with MET and ≥ 2 jets

● Signal region (SR) to enhance sensitivity to VBF and ggF 
production 

○ 2 ADNNs trained to extract signal while suppressing 
model dependence

● 2 control regions (CRs) orthogonal to the SR to constrain 
main backgrounds (tt +tW and DY→ττ)

➔ Each region is divided into four equally-spaced ∆Φjj bins  
spanning [-π,+π]

● Signal extracted through a simultaneous fit of ADNN outputs across SR and CRs

○ DVBF (output of the VBF-ADNN) and DVBF,ggF (2D variable composed of DVBF and DggF)

○ Cross sections measured in a fiducial phase space with unfolding embedded in the fit
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Differential cross sections

● Signal extracted in three different configurations

○ Overall H+2jets cross section (DVBF,ggF)

○ Simultaneous measurement of VBF and ggF  cross sections 
(DVBF,ggF)

○ VBF-only cross section (DVBF)

● Results are dominated by the statistical uncertainty

Model dependence (backup) reduced by 30-70% (depending on 
the ∆Φjj bin) compared to using a standard DNN
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SMEFT interpretation
● Differential measurements are used to constrain extensions of the SM that introduce anomalous 

interactions between the Higgs boson and SM particles, using an EFT approach

● SM EFT lagrangian:

Values of WC different from 0 ➡ hint of discrepancy from SM

● The goal is to study a subset of i=6 operators and constrain the 
corresponding Wilson coefficients in the Warsaw basis

Wilson coefficients

BSM energy scale 

Higher-dimensional operators
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Reinterpreted cross sections

● The differential cross section is recalculated 
using the measured values of the WCs

● Tighter constraints are obtained on the CP-even 
cHW  and cHG coefficients
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Conclusions

● Differential measurement of the Higgs boson production cross section in association with 2 jets performed 
in the H→W+W-→2ℓ2ν decay channel at the CMS experiment

○ Results are consistent with the SM predictions

○ The statistical uncertainty is the dominant component of the total uncertainty

● The use of an adversarial neural network has reduced the dependence on theoretical models compared to a 
standard approach

● Data from LHC Run 3 will allow for improved precision in this measurement

CMS-PAS-HIG-24-004
Thanks for your attention

https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/HIG-24-004/index.html
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Backup
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Template fit

● Extract the PDF of a discriminating 
observable from Monte Carlo (MC) 
simulations and then fit it to data

○ Usually, the SM hypothesis is 
assumed for simulation

The fit results is biased towards the model assumed to generate the MC simulation

● The underlying physics model 
governing the data is unknown

○ Fitting data with the SM 
hypothesis, will lead to a biased 
results

SM Background

SM Signal

Data
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Anomalous couplings in HVV/Hgg
Scattering amplitude of one spin-0 Higgs boson (𝐻) and two spin-1 gauge bosons (𝑉1 𝑉2)

HVV couplings

● 𝒂𝟏
𝑽𝑽= 1  SM tree level coupling  𝐽𝐶𝑃=0++

● 𝐋𝟏       CP-even AC

● 𝒂𝟐
𝑽𝑽    CP-even AC

● 𝒂𝟑
𝑽𝑽    CP-odd AC

Hgg couplings

● 𝒂𝟐
𝑽𝑽    SM loop

● 𝒂𝟑
𝑽𝑽    CP-odd AC
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Events selection
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● Binary neural network, trained on both signal and 
background events

● Aims to determine if the event is signal- or 
background-like

● Signal sample includes events coming from different 
domains, i.e. different signal models (SM and AC)

Adversarial deep neural network

Adversary

● Multiclass neural network trained only on signal 
events (SM + AC hypotheses)

● Tries to guess the physics model of signal 
events, regressing the domain from the 
second-to-last layer of C

Classifier

Eur. Phys. J. C (2022) 82: 921

The adversary penalizes the classifier if its data 
representation is sensitive to the signal hypothesis

https://link.springer.com/article/10.1140/epjc/s10052-022-10871-3
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Competitive learning

● The classifier is penalized if its output contains too 
much information on the domain of origin of signal 
events

● If C manages to prevent A from identifying the 
signal model, then the classification is 
independent of the domains of origin of the 
events, i.e. the physics model of signal events

Two-step training procedure

Compute the gradient 
of L(A) with respect to 

the A weights

Compute first the gradient of L with 
respect to the C weights.

A weights frozen in this step.
The parameter α regulates the 

interplay between A and C

Penalty term
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Optimization of the ADNN

● Hyperparameter optimization using the Optuna package by:

○ Maximizing the binary accuracy of the classifier

○ Minimizing the average of the two-sample 
Kolmogorov-Smirnov (K-S) score between pairs of signal 
hypothesis (“average K-S test statistic”)

Optimized hyperparameters

Some technical details
★ Adam gradient-descent optimized

ηC = 10-5 , ηA = 10-3 
★ Activation function of hidden layers: ReLU
★ Classifier loss function and activation function 

of the output layer: binary cross-entropy and 
sigmoid

★ Adversary loss function and activation 
function of the output layer: categorical 
cross-entropy and softmax

https://optuna.org/
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Signal extraction

● Combined binned maximum likelihood fit of the ADNN output distribution with signal and background templates, 
performed simultaneously in all SR bins

● The number of events in each ∆Φjj bin of the Top and DY CRs is also fitted to data in order to constrain the 
normalisation of the corresponding background

● Unfolding procedure embedded in the likelihood fit, treating each gen-level ∆Φjj  signal contribution as a 
separate process 

● Fiducial and out-of-fiducial signal contributions coming from the same ∆Φjj bin are scaled together with the 
same signal strength parameter

○ 1D variable: DVBF (output of the VBF-ADNN)

○ 2D variable: two-dimensional variable DVBF,ggF composed of 
DVBF and DggF (output of the GGH-ADNN)



21July 15,  2025 Benedetta Camaiani - HH 2025

DVBF

● Postfit distributions of DVBF  in the ∆Φjj 
bins of the SR  (logarithmic scale)
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DVBF,ggF

● Postfit distributions of DVBF,ggF  in the ∆Φjj 
bins of the SR  (logarithmic scale)

○ Distribution unrolled in one dimension

The content of each bin belonging to the 2D 
distribution is transposed ("unrolled") to a 1D 
histogram, where bin labels on the x-axis 
correspond to the bin numbering of the 2D map



23July 15,  2025 Benedetta Camaiani - HH 2025

Fiducial volume

● Same cuts of the SR are applied on gen-level quantities except for 
the MET and mT

ℓ2  requirements, that have been removed

● Leptons are dressed i.e., the momenta of radiated photons within 
a cone of ∆R < 0.1 around the lepton direction are summed to the 
lepton momentum

● Signal samples are split in ∆Φjj bins, using the same binning 
scheme as the analysis categories
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Fit configurations

Fit Measurement POI Variable Motivation

1 VBF and ggF measured 
together

VBF and ggF scaled 
using a common POI 
(μi,VBF+ggF with i=0,..,3)

DVBF,ggF

Overall H+2jets 
differential cross 
section

2 VBF and ggF as two 
independent processes

VBF and ggF scaled 
using two distinct 
POIs (μi,VBF and μi,ggF 
with i=0,..,3)

DVBF,ggF

Most model 
independent 
measurement

3 VBF cross section Only VBF scaled 
(μi,VBFwith i=0,..,3) DVBF

Allows more stringent 
constraints on SMEFT 
couplings
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Uncertainties breakdown

● Contributions of different sources of uncertainty, 
expressed as a percentage of the total uncertainty 
(∆σi/∆σtot x 100)

● For asymmetric errors, the largest of the up and 
down uncertainties is reported

● The systematic component includes all sources 
except for background normalization, which is part 
of the statistical component
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Model dependence estimation

● Pseudodata set under BSM signal hypothesis and SM 
background contribution

● Fit using the SM signal and background templates

SM Background

SM Signal

BSM Asimov data set 

● number of measured 
BSM signal events

● number of expected 
SM signal events

Fit result

expected value if there is no 
bias in the analysis

Cross sections ratio Total bias

The bias reflects the impact of assuming the SM hypothesis when 
extracting the signal in scenarios that include BSM contributions

it includes shapes effects in the fit variable, 
systematic shifts from unfolding procedure, 
variations in acceptance and selection efficiencies



27July 15,  2025 Benedetta Camaiani - HH 2025

VBF differential cross section
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Asimmetria
● Asymmetry of the ∆Φjj distribution 

A = 0.4 土 0.3 (tot. unc.)
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Wilson coefficients results (1)
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Wilson coefficients results (2)
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Reinterpreted cross sections


