
EUROPEAN ORGANISATION FOR NUCLEAR RESEARCH (CERN)

Submitted to: Rep. Prog. Phys. CERN-EP-2024-305

December 3, 2024

An implementation of neural simulation-based

inference for parameter estimation in ATLAS

The ATLAS Collaboration

Neural simulation-based inference is a powerful class of machine-learning-based methods for

statistical inference that naturally handles high-dimensional parameter estimation without the

need to bin data into low-dimensional summary histograms. Such methods are promising for

a range of measurements, including at the Large Hadron Collider, where no single observable

may be optimal to scan over the entire theoretical phase space under consideration, or where

binning data into histograms could result in a loss of sensitivity. This work develops a

neural simulation-based inference framework for statistical inference, using neural networks

to estimate probability density ratios, which enables the application to a full-scale analysis.

It incorporates a large number of systematic uncertainties, quantifies the uncertainty due to

the finite number of events in training samples, develops a method to construct confidence

intervals, and demonstrates a series of intermediate diagnostic checks that can be performed

to validate the robustness of the method. As an example, the power and feasibility of the

method are assessed on simulated data for a simplified version of an off-shell Higgs boson

couplings measurement in the four-lepton final states. This approach represents an extension

to the standard statistical methodology used by the experiments at the Large Hadron Collider,

and can benefit many physics analyses.
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1 Introduction

Precision measurements of theoretical parameters are a core element of the scientific program of experiments

at the Large Hadron Collider (LHC). Such measurements typically rely on the method of maximum
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likelihood, which assesses the likelihood of the observed data for a range of parameter values [1, 2]. While

the likelihood cannot be calculated analytically, it can be estimated from high-fidelity simulations of

data under varying parameter values [3]. As the space of observational measurements grows to higher

dimensionality, density estimation becomes challenging and is often preceded by data reduction, which

compresses the relevant information into a low-dimensional summary statistic, often a single observable,

allowing for simple probability density estimation methods, such as histogramming, to be used [1]. While

significant effort goes into both the design of this summary observable and the choice of histogram binning,

these simplifications may nonetheless result in a loss of sensitivity. This is of particular concern for

problems where the differential cross-sections and the observed kinematic distributions of different physics

processes have a non-linear dependence on the parameter of interest (POI). In non-linear cases, no single

observable may contain all the information required to maximize the sensitivity of the analysis over the full

range of the theory parameter under consideration [4–6]. Examples of analyses for which this can have

significant consequences for the sensitivity include the off-shell Higgs boson production measurements and

effective field theory (EFT) measurements, where quantum interference introduces a non-linear dependence

on the parameter of interest.

While histograms cannot effectively scale to high dimensions, neural networks (NN) were shown to perform

high-dimensional, unbinned density estimation in the context of parameter estimation at the LHC [4, 7–10]

without the need to collapse information to a single observable. Referred to as neural simulation-based

inference (NSBI), these methods can dramatically enhance sensitivity in analyses where the simplifications

coming from using histograms of a single summary statistics are unwarranted.

NSBI techniques are of interest to a wide range of scientific fields for parameter estimation in cases where

likelihoods are either intractable or computationally expensive to evaluate. When high-fidelity simulators

can provide samples drawn from these likelihoods, NNs are capable of learning the underlying density of

these simulated samples and can be used to approximate a likelihood ratio [7], the likelihood itself [11], or,

in the context of Bayesian inference, the posterior [12]. These techniques have several potential applications

in the physical sciences [3, 4] and can be used, for instance, to study galaxy clustering [13], probe the

interior of neutron stars from telescope data [14], or analyze data from gravitational wave detectors [15].

For the application of NSBI to analysis of experimental particle physics data, crucial questions remain

unanswered. How can a large number of nuisance parameters (NP) be incorporated? How can the

uncertainty from limited Monte-Carlo (MC) simulated samples be quantified? Can NN produce robust

likelihood ratios and confidence intervals when applied in a realistic experimental context, and how can their

reliability be effectively tested? This paper answers these questions and, thereby, enables the construction

of a complete NSBI framework, together with diagnostic tools to address these questions.

The developed framework is an extension of an established statistical method at the LHC [1, 2], to be

usable with unbinned, multidimensional data, where NNs are used to estimate likelihood ratios between

hypotheses. It accounts for both linear and non-linear dependence of physics observables as a function of

theory parameters, which is crucial to building optimal test statistic functions. The challenge of model

misspecification in NSBI, where the simulations have systematic differences from real data, is addressed

by the introduction of NPs representing systematic uncertainties, and by testing the modeling of these

systematic uncertainties themselves, in a similar way to how it is done for traditional analysis techniques in

particle physics [16]. This method can leverage an analytical factorization of contributions from different

physics processes to the full likelihood, which is possible in many analyses at the LHC. To show the

power and applicability of the method, an example use case is described using samples describing the

gluon fusion processes simulated for the ATLAS off-shell Higgs boson production measurement in the

four-lepton final states [17]. The example will be compared to an equivalent histogram-based analysis,
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defined as one where the likelihood ratio is given by a multinomial distribution based on the histogram

of a single observable. The improvement in sensitivity compared to a histogram-based analysis, while

accounting for systematic uncertainties, comes from the optimization of the analysis over the entire range

of the theory parameter, which cannot be achieved with the use of only a single observable for all regions

of the theory space, and from the unbinned nature of the method. The robustness tests that are needed to

build a reliable likelihood ratio model using NNs are also shown.

Recently, the ATLAS experiment has also demonstrated the ability to unfold differential cross-sections in

high-dimensional observable space and without binning [18] using a technique that also relies on the ability

of classifiers to estimate probability density ratios. The goals of unfolding are different from parameter

estimation from experimental data, and the two approaches are complementary.

Since this paper builds upon established statistical methods at the LHC, it focuses on the tools and

concepts necessary to extend these to a high-dimensional and unbinned NSBI analysis. The paper is

organized as follows. Section 2 reviews the concepts of NSBI and modifications that are developed for a

practical application at the LHC. Section 3 introduces the context of the off-shell Higgs boson production

measurement, which is the example analysis used to demonstrate the method developed. Section 4

then describes the diagnostic tools used to validate the trained models, Section 5 extends the method to

incorporate systematic uncertainties, Section 6 describes how to build confidence intervals for NSBI, and

Section 7 assesses the gain in sensitivity. The conclusion is presented in Section 8 with a discussion of

opportunities and challenges.

2 Neural simulation-based inference

This section reviews the core principles of classifier-based NSBI and discusses a framework in which the

method can be made robust and numerically stable. NPs are introduced into this framework in Section 5.

2.1 Classifiers as probability density ratio estimators

NN classifiers can be used to discriminate between two hypotheses `0 and `1 by minimizing the binary

cross-entropy loss function,

L[B] = − 1

(∑#
8=1 F8)

#∑

8=1

F8 · [H8 log B(G8) + (1 − H8) log(1 − B(G8))], (1)

where the sum is over # events 8 sampled from probability density functions ?(G8 |`0) or ?(G8 |`1) with

weights F8 and assigned labels H8 = 0 or H8 = 1, respectively, and B(G8) is the classifier decision function.

Each event 8 is described by a vector of observables G8 .

The optimal decision function (in the infinite sample limit, i.e., as # → ∞), which minimizes the binary

cross entropy function, is given by [7, 19]

B(G8) =
?(G8 |`1) · a(`1)

?(G8 |`0) · a(`0) + ?(G8 |`1) · a(`1)
, (2)

where a(`0) and a(`1) are the expected number of events for each hypothesis.
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In high-energy physics, training datasets are usually taken from MC simulated samples generated according

to the two hypotheses. These simulated events are often weighted, and the weights may take negative values.

Typically, the weights are scaled to perform the training with balanced samples, i.e.,
∑
H=0 F8 =

∑
H=1 F8,

which tends to improve the convergence of the NN to the optimal classifier. When training a classifier

between two hypotheses, this choice simplifies the optimal classifier to

B(G8) =
?(G8 |`1)

?(G8 |`0) + ?(G8 |`1)
. (3)

Eq. (3) can be used to write the probability density ratio of hypotheses `0 and `1 for a single event G8 as [7,

20]:

A (G8 |`1, `0) =
?(G8 |`1)
?(G8 |`0)

=
B(G8)

1 − B(G8)
. (4)

The estimate Â (G |`1, `0) for the ratio A (G; `1, `0) is obtained by substituting the optimal decision function

B(G) with its NN estimate B̂(G). This relation enables the probability density ratio of two values of POIs

for individual events to be estimated without the need for dimensionality reduction or histograms. The

probability density ratio for the dataset is constructed by taking the product of probability density ratios for

individual events to compute the test statistic comparing the two hypotheses `0 and `1. This trick has, for

instance, been used to obtain per-event probability density ratios, in data-driven background models [21]

and unfolding [18] in the ATLAS experiment.

The task of parameter estimation is a composite hypothesis test, but can be performed by comparing the

likelihood for two values of a parameter at a time. While it may appear that parameter estimation would

require training a separate classifier for each pair of hypotheses being compared, in practice there are more

elegant solutions. A single parametrized network may be trained to learn a conditional decision function

that varies with the hypothesis under consideration (i.e., the different values of the theory parameter) [7,

22]. If the parametric dependence of a test statistic can be expressed analytically in terms of the POIs and a

finite number of likelihood ratios estimated from binary classifiers, the need for a network to learn the

parametric dependence is eliminated.

2.2 A simple -S+B model

The measurement of the signal strength ` of a process with no interference with the background processes

is defined by the mixture model,

?(G8 |`) =
`aS ?(G8 |S) + aB ?(G8 |B)

`aS + aB

, (5)

where S represents the signal processes, B the background processes, aS the expected signal yield, and aB

the expected background yield. One can train a classifier to estimate a decision function separating signal

from background events using balanced class weights,

B(G8) =
?(G8 |S)

?(G8 |B) + ?(G8 |S)
, (6)

and then compute the per-event probability density ratio,

A (G8 |(, �) =
?(G8 |S)
?(G8 |B)

=
B(G8)

1 − B(G8)
. (7)
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This can be scaled as required to construct the likelihood ratio,

?(G8 |`)
?(G8 |` = 0) =

1

(`aS + aB)
`aS ?(G8 |S) + aB ?(G8 |B)

?(G8 |B)
=

1

(`aS + aB)
(
`aS A (G8 |S,B) + aB

)
, (8)

where aS and aB are estimated from simulation. The output of a single `-independent classifier is a

sufficient summary statistic, meaning that it contains all the information necessary to do hypothesis tests

over a range of `. This is guaranteed by the Neyman-Pearson lemma, which states that the likelihood

ratio is the optimal observable when comparing two hypotheses. To use this classifier output directly

as an estimate of the probability density ratio, stringent requirements would need to be placed on the

quality of this estimate. Alternatively, the output of the classifier can be treated as a high-level observable

particularly sensitive to `. For this reason, it is often used as the final observable in histogram-based

signal strength measurements. In such analyses, the likelihood is traditionally computed in each bin of a

histogram using a multinomial probability model, where the fraction of events in each bin is obtained from

simulation and the observed number of events from data [1]. In non-linear problems, no single observable

is a sufficient summary statistics. The next section developes a formalism to generalizes the procedure

presented above.

2.3 Search-oriented mixture model

When the hypotheses being tested can be decomposed into components of a mixture model, the learning

task can be factorized into a series of simpler classification tasks [7]. If the only parameters to be estimated

can be written as signal strengths, the individual classifiers no longer need to be parametrized as a function

of the POIs, since the relation is explicitly known. This analytical decomposition reduces the burden of

validating the test statistic from testing its interpolation performance over the full theory parameter space

to validating the performance of a small number of classifiers with fixed hypothesis. If every classifier is

well-trained and well-calibrated, then their combination may be expected to remain well-behaved, although

this must be explicitly verified.

For the description of a general signal strength measurement at the LHC based on final state that receives

contributions from multiple physics processes, the probability density can be described as a mixture

model:

?(G8 |`) =
1

a(`)

�proc∑

�

5� (`) a� ?� (G8), (9)

where index � enumerates the �proc different physics process, ?� (G8) is the probability density for the

event 8 corresponding to the process �, a� the expected yield for that process with ` at the Standard Model

value, and a(`) = ∑
� 5� (`) a� . Here ` can either represent a single theory parameter or a vector of

theory parameters, and the formalism accommodates both cases. The mixture model can be rewritten as a

function of probability density ratios between the different �proc processes and a single reference,

?(G8 |`)
?ref(G8)

=
1

a(`)

�proc∑

�

5� (`) a�
?� (G8)
?ref(G8)

. (10)

The probability density ratios, ?� (G8)/?ref(G8), can be estimated by using a finite number of `-independent

classifiers. In measurements of signal strengths, the dependence on ` is completely captured by the
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coefficients 5� (`). If the dependence of ?(G8 |`)/?ref(G8) on the POIs ` is not known analytically, a

parametrized network can be trained instead [7].

While there is freedom to make any choice for the reference, this paper defines a search-oriented reference

process, built as a combination of all signal processes,

?ref(G8) =
1

∑�signals

 
a 

�signals∑

�

a� ?� (G8), (11)

with �signals as the number of signal processes. This definition ensures that the denominators in Eq. (10)

is larger than zero over the entire signal region of an analysis, which is the region that is sensitive to the

signal processes. Here, ?ref is defined to be independent of `, which allows the construction of the final

profile likelihood ratio that is independent of ?ref (see Section 5). The term ?ref contributes to a constant

offset towards log ?(G8 |`), which can be ignored in the maximization of the likelihood.

The search-oriented mixture model overcomes issues that may arise in alternative formulations of the

reference sample. If probability density ratios ?� (G)/?ref(G) are used to estimate the likelihood ratio in

regions of phase-space with ?ref(G) ≈ 0, the final estimate will depend on a fine-tuned cancellation of large

numbers, which is numerically unstable. A pre-selected signal region for the analysis must be defined

that ensures ?ref(G8) > 0 throughout the region. This definition of ?ref ensures that all signal-sensitive

regions of the phase space can remain in the pre-selection region. This choice of ?ref also aids in the

sample-efficient training of the individual classifiers. Finally, it may be convenient to define ?ref such

that it can be represented using simulated samples with only positive weighted events. This simplifies the

procedure to construct confidence intervals, which are described in Section 6.

2.4 Robust estimators with ensembles

In a traditional analysis where a classifier is employed solely for constructing a sensitive observable and

where probability density estimation is performed with a histogram, an imperfect training leads to a

suboptimal observable and a slightly less sensitive analysis. However, it does not lead to an ill-behaved test

statistic, introduce inaccuracies in the measured confidence intervals, or introduce biases in the maximum

likelihood estimate of the POIs. These undesirable behaviors are absent because the likelihood of event

counts per bin in a histogram can be computed exactly using the Poisson probability density function. In

NSBI, the probability density ratios are instead estimated using NNs, making the high quality of these

estimates imperative. Since an individual classifier may not perfectly estimate the decision function B(G8),
a series of steps is described to ensure that the estimator B̂(G8) is well-behaved (as determined by the

diagnostic tests described in Section 4).

One possibility is to calibrate B̂(G8) using simulated samples [7], however, achieving accurate and continuous

calibration in practice can be technically challenging. Instead, an ensemble of networks is trained [23]

on bootstrapped samples of the training data, and their average response used to construct a robust

estimate of likelihood ratios. The bootstrapping can be implemented either through resampling or using

Poisson perturbations to the event weights that correspond to statistical fluctuations [24]. This approach

helps account for the variance between individual networks, originating from the random initialization

of weights and the finite number of events of the training samples. A similar method has previously

been used for neural-network-based data-driven background estimates [21] and unfolding of differential

cross-sections [18] in ATLAS. Examining classifier and ensemble performance across different parts of
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the observable phase space can guide decisions about NN architecture optimization and data preprocessing.

Furthermore, iterative optimization is essential to achieve a high level of accuracy in likelihood-ratio

estimation.

Multiple diagnostic tests help determine whether the level of precision desired from the ensembles is

achieved, which are discussed in Section 4. Ultimately, the full test statistic must be tested on simulated

samples at different values of the POIs to ensure that reliable results with the desired precision are

consistently produced over the entire parameter range. Since the ensembles are trained on bootstrapped

samples, it is possible to use the spread in their predictions to assess the uncertainty due to the finite

training data.

3 Example use case: off-shell Higgs boson production

The developed NSBI framework is demonstrated using a subset of the samples originally generated in

ATLAS for an off-shell Higgs boson production measurement in the � → // → 4ℓ decay channel using a

sample of proton–proton collisions at
√
B = 13 TeV corresponding to an integrated luminosity of 140 fb−1.

The original analysis is described in detail in Ref. [17], only the details relevant to NSBI are summarized

below. For this demonstration only a subset of the physics processes and systematic uncertainties from the

original analysis are considered. The results of a complete implementation of NSBI in the measurement of

off-shell Higgs production are given in Ref. [25].

When the quantum interference between signal and background processes is negligible, a single observable

that optimally separates signal from background contains all the information necessary to perform optimal

hypothesis tests over the full range of signal strength values (see Eq. (6)). However, this is no longer

true when the interference cannot be ignored, as is the case in the off-shell Higgs boson analysis. Large

interference contributions cause the kinematic distributions to change non-linearly with the signal strength

`. Ref. [5] demonstrates that the use of NSBI can fully account for these non-linear effects and recover the

sensitivity that was lost by the single observable test statistic approach.

The simulated samples used in the study include those for the 66 → �∗ → // → 4ℓ signal-only (S)

process, 66 → // → 4ℓ background-only (B) process, and the combined simulation including interference

effects 66 → (�∗ →) → // → 4ℓ (SBI1), where the subscript indicates that ` = 1 was used for the

simulation. These samples, describing the gluon fusion (ggF) production channel, are re-used for the

demonstration in this paper. The full probability model for the ggF production can be expressed as1

?ggF(G |`) =
1

aggF(`)
[
(` − √

`) aS ?S(G) +
√
` aSBI1 ?SBI1 (G) + (1 − √

`)aB ?B(G)
]
, (12)

where aggF(`) = (` − √
`) aS + √

` aSBI1 + (1 − √
`)aB. The contribution from the interference (I) is

calculated as ?I = ?SBI1 − ?B − ?S, and it is this inference effect that introduces the non-linearity in `.

Following Ref. [17], the full probability model ?ggF(G |`) and aggF(`) are functions of `, while ?SBI1 (G)
and aSBI1 are not, and assume ` = 1. For simplicity, the ggF subscripts are suppressed henceforth. The

1 In principle, a coupling modifier parameter that scales the signal amplitude is a complex number, and may lead to a phase

contributing to the interference term in the cross-section computation. This would require the measurement of two independent

parameters of interest. In this analysis, the modifier
√
` is assumed to be a positive real number, and therefore only the inference

of one parameter of interest ` is required.
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Table 1: List of input variables for the NN. For additional details, see Ref. [17].

Variable Definition

Production Kinematics

<4ℓ Four-lepton invariant mass

?4ℓ
T

Four-lepton transverse momentum

[4ℓ Four-lepton pseudo-rapidity

Decay Kinematics

</1
/1 mass

</2
/2 mass

cos \∗ cosine of the Higgs boson decay angle

cos \1 cosine of the /1 boson decay angle

cos \2 cosine of the /2 boson decay angle

q angle between /1, /2 bosons decay planes

q1 /1 decay plane angle

reference process definition in Eq. (11) leads to ?ref = ?S for this example, and the search-oriented mixture

model from Eq. (10) becomes

?(G |`)
?S(G)

=
1

a(`)

[
(` − √

`) a( +
√
` aSBI1

?SBI1 (G)
?S(G)

+ (1 − √
`)aB

?B(G)
?S(G)

]
. (13)

This density ratio can be constructed from two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the

second to estimate ?B(G)/?S(G). The event selection strategy follows that of Ref. [17] and additionally

uses a multivariate discriminant, similar to the discriminant designed in Ref. [17], but used here only to

define the signal and control regions, i.e., parts of the data without sensitivity to the parameter of interest.

Control regions can be used to validate the background model and potentially fit background-related NPs.

The remainder of this section will describe the input features and architecture for the networks trained for

these tasks, and the systematic uncertainty model used in this example.

3.1 Input features

With enough training events, deep NNs can learn from low-level input features such as the four-momenta of

all observed final state particles, and can then capture all higher-level correlations. However, in the regime

of limited simulated samples, as is often the case at LHC experiments, there is a benefit to using a set of

physics-motivated high-level observables that completely describe the observed final state.

The set of observables used to train the network in this demonstration are described in Table 1. The Higgs

boson decay into Z bosons is described with seven kinematic observables: cos \∗, cos \1, cos \2, q1, q,

</1 and </2. These have traditionally been used to construct a discriminant based on matrix-element

calculations, and contain all relevant information to distinguish the Higgs boson signal process from the

background [26]. Combined with the observables <4ℓ , ?
4ℓ
T

and [4ℓ for Higgs production, these can be

used to calculate the four-momenta of all final-state leptons in the // → 4ℓ decay channel. Further details

on the observables and event selection can be found in Ref. [17].
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3.2 Network architecture and training

The classifiers trained in this demonstration are all feed-forward dense networks and comprise five hidden

layers with 1 000 nodes each, and a swish activation [27], followed by an output layer with a single node

and a sigmoid activation. The events were split into training and test sets using the :-fold method with

: = 10 [28], and a bootstrapped sample was generated from the training set to train each network in an

ensemble. A weighted binary cross-entropy loss function that accounts for event weights is used to train

the networks with the Nadam optimizer [29] in TensorFlow [30]. The training required large-scale graphics

processing unit (GPU) infrastructure [31], consisting of several hundred Nvidia T4 and Nvidia A100 GPUs.

The final networks used in this paper, with 500 networks used in an ensemble, required approximately

4 000 GPU hours to train.

3.3 Systematic uncertainties

At the LHC, systematic uncertainties in the modeling of physics processes are often considered in terms

of their effect on the shape of distributions and on the expected yields (the overall normalization). This

separation can be carried forward to NSBI, as it will be shown in Section 5.1. Two systematic uncertainties

from the original study in Ref. [17] are implemented to demonstrate the treatment of NPs that either modify

both the shape ?(G |`) and yield a(`) of distributions or only the yield a(`). These are:

• Missing higher-order QCD uncertainty: the uncertainty in the missing higher-order QCD

corrections to the ggF processes in perturbation theory, which modify both the shapes of the

kinematic distributions and expected yields.

• Luminosity uncertainty: the uncertainty in the integrated luminosity measurement of ATLAS,

affecting only the expected yields.

These two uncertainties are used as examples in Section 7 to demonstrate how systematics uncertainties

can be implemented in an NSBI analysis. They do not constitute a realistic systematic uncertainty model

for an off-shell Higgs boson production measurement, which can include over 100 different sources in the

�∗ → // → 4ℓ analysis [17].

4 Diagnostics

The precise estimate of likelihood ratios is crucial for a robust final result, and therefore the classifiers

used in the framework described in Section 2 require additional scrutiny compared with classifiers used in

traditional histogram-based analyses. In addition to traditional visualizations of classifier performance,

such as the receiver operating characteristic (ROC) curve and the distribution of the classifier output, this

section describes a list of additional diagnostic tools that are essential for the validation of the likelihood

ratio estimate at the level of detail required for NSBI analysis.
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Figure 1: One-dimensional reweight closure diagnostic with <4ℓ (a) between the S and SBI1 samples and (b) between

the S and B samples. The same diagnostics, using a high-level observable that represents the squared matrix-element

for the 66 → � → // → 4; process from reconstructed quantities computed using MCFM [32] (c) between the S

and SBI1 samples and (d) between the S and B samples. The first diagnostic is an example for an observable directly

used in the network training, the second diagnostics is an example of the network’s ability to learn high-level physics

observables that are not used directly for training. The original reference sample (dotted blue line), is reweighted

(solid orange line) using the likelihood ratio estimated with ensembles of NNs to match the target (dashed green line).

The lower panels show the ratio of the reweighted reference sample and the original sample.
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4.1 Reweighting closure

If an ensemble of NNs has estimated the likelihood ratio of two classes � and � accurately, it can be used

to reweight samples from one class to another. Since ?(G8 |�) = ?(G8 |�) A (G8 |�, �), the distribution of

samples from �, when reweighted as F8 Â (G8 |�, �), where F8 represents the normalized simulation weight

of an event from class �, should reproduce the distribution of samples from �,

Â (G8 |�, �) ?(G8 |�) ∼ ?(G8 |�). (14)

Any discrepancies indicate a failure of the ensemble of NNs to correctly estimate the likelihood ratio

in some part of the phase space. The normalization of the weights F8 restricts the test to differences in

the shape of the distribution. Examples of good reweight closure are shown in Figure 1 to validate the

?SBI1/?S and ?B/?S, using a one-dimensional histogram of the <4ℓ observable. Additional comparisons

can be made by taking higher-dimensional projections of the full input phase space, but the visualization is

challenging for more than two dimensions. The closure is also shown for high-level observables that were

not explicitly used in the training, in this case, a matrix-element-based observable that is known to be good

summary statistic [33].

An independent classifier, such as a deep NN or a boosted decision tree, can be trained with the goal of

separating between events from class � and the reweighted events from � to identify any high-dimensional

mismatches between the distributions [7]. A perfect reweighting would lead to the failure of this independent

classifier to reach the goal, indicated by an area under the ROC curve (AUC) of 0.5. Such classifier tests

provide a multi-dimension probe of the quality of the classifier, albeit in a limited range of the complete

phase space [34, 35].

A related tool, the normalization closure,

∑

8∈�
F8

?� (G8)
?�(G8)

=

∑

8∈�
F8 , (15)

should also be explicitly verified. This simple test can highlight problems if the numerical precision of the

training and inference are insufficient to correctly describe events with B(G8) ≈ 0 or B(G8) ≈ 1.

4.2 Calibration closure

Another useful visualization of the NN performance is the calibration curve. If the distribution of predicted

relative probability B̂(G8) from the ensemble of NNs is binned, then the fraction of events in each bin from

the first class provides an empirical MC estimate of the mean B(G8) in that bin. For a well-calibrated

classifier, the binned estimate should match the estimate in each bin. Figure 2 shows the calibration

curves for the estimators of ?SBI1/
(
?( + ?SBI1

)
and ?SBI1/

(
?( + ?SBI1

)
using ensemble predictions. The

calibration curves for a well-calibrated classifier is represented as a diagonal line.

4.3 Spread in ensemble predictions

An ensemble of networks is trained for each classification task, as discussed in Section 2.4. The spread

in their predictions for the same event reveals the events for the which the number of training events is a

limitation, and this can inform the optimization of the training strategy. This spread is shown for example
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Figure 2: Calibration curves comparing ensemble estimated B̂(G8) with the expected value from binned MC simulated

samples, for the validation of the (a) ?SBI1/?ref and (b) ?B/?ref probability density ratio estimations. The residuals,

defined as the difference of the MC estimate and the NN estimate, are shown in the bottom panels. The error bars

indicate the uncertainty due to the finite number of simulated events in the MC estimate of the density ratio.
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Figure 3: The distribution of NN output for example events (in different colors), calculated from an ensemble of

classifiers trained to separate B from S samples, evaluated on (a) seven example events from B and (b) seven example

events from S. A larger spread indicates a larger uncertainty in the NN score for the event from the ensemble.
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events in Figure 3, where a wider spread indicates a larger ensemble uncertainty. The propagation of these

uncertainties in the estimated probability density ratios requires careful consideration of their correlated

impact on the final parameter estimate, and is described in Section 5.3.

4.4 Additional diagnostics

Additional diagnostic plots may be used to assess the performance of the method, motivated by analysis-

specific considerations. In addition to validating the individual estimated probability density ratios

?� (G8)/?ref(G8) that form the mixture model, the combined probability density ratio ?(G8 |`)/?ref(G8)
can also be validated using the discussed diagnostic tools. The inference can in addition be validated

on independent samples simulated at values of ` that were not used for training. The probability ratio

estimates should also be validated in data using control regions. The final performance of the analysis

method can also be verified on simulated datasets, sampled over a wide range of values of the parameter of

interest to ensure that the correct maximum likelihood estimate is consistently obtained, and this validation

is shown in the companion physics analysis paper [25].

As a further cross-check, the analysis method can be tested on samples simulated with a different event

generator, on samples simulated with a shifted value of a NP, or with different injected POI values. This

method provides additional interpretable per-event quantities to examine, i.e., the estimated probability

density ratios between different theory hypotheses for a given event. These quantities can be studied as

functions of several observables to understand the sub-category of events that influence the overall test

statistic in favor of one hypothesis over another. A few examples are discussed in Section 7.

5 Systematic uncertainties

A major challenge in applying NSBI to LHC data is addressing systematic uncertainties. Each individual

source of systematic uncertainty is represented by a NP U: . Collectively the NPs are represented by a

vector U. The NPs may be constrained by an auxiliary measurement which provides a nominal value 0:
and an externally provided uncertainty X: on the nominal value.

In principle, classifiers can be conditioned on NPs in an analysis to propagate uncertainties through to

the final inference step [7, 36]. In practice, this is not feasible for all NPs in an analysis. First, due to

computational costs, as samples are typically generated by varying a single NP at a time, with no training

samples available where multiple parameters vary simultaneously. Second, because only three sets of

samples are typically available per NP: one at the nominal value U
(0)
:

= 0: and the others at variations

U
(−)
:

= 0: − X: and U
(+)
:

= 0: + X: . These sets are insufficient for a network to learn the full parametric

dependence. Finally, validating the interpolation capabilities of a classifier across all regions of this

high-dimensional space of NPs would be challenging even if the classifier were parametrized in all of

them.

Instead, this paper extends the systematic uncertainty framework already in place for histogram-based

analyses to an unbinned multi-dimensional setting, and incorporates it into NSBI. While in a histogram-

based analysis the impact of a NP is estimated per bin, for NSBI it is estimated per event, and the

interpolation between NP values is also performed using traditional methods, rather than relying on the

networks to learn it. Moreover, the impact of systematic uncertainties from independent sources is treated

independently, following the standard practice at the LHC.
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5.1 Nuisance parameters in the likelihood ratio function

In a histogram-based analysis at the LHC, the impact of systematic uncertainties is typically propagated

into the likelihood using vertical interpolation [2]. The impacts of different NPs on the measured yields

are considered to be independent of each other and of the POIs,

a� (U) = a� (U (0) )
#syst∏

:

�� (U:), (16)

for #syst NPs with �� (U:) = a� (U:)/a� (U (0)
:

). The functions �� (U:) are chosen to smoothly interpolate

between their three known values at the points U
(−)
:

, U
(0)
:

and U
(+)
:

, which are determined from the available

simulations [2]. The choice of a differentiable interpolation function facilitates the computation of pulls

and impacts, detailed in Section 5.4.

Extending this formalism and the corresponding assumptions to a per-event approach, Eq. (10) can be

updated to incorporate NPs as

?(G8 |`, U)
?ref(G8)

=
1

a(`, U)

�proc∑

�

5� (`) a�
?� (G8)
?ref(G8)

#syst∏

:

�� (U:) 6� (G8 , U:), (17)

with a(`, U) = ∑�proc

�
5� (`) a�

∏#syst

:
�� (U:). The contribution to the per-event probability density ratio

from each NP comes from 6� (G8 , U:) = ?� (G8 , U:)/?� (G8), where ?� (G8), 5� (`), a� and ?ref(G8) are

defined at U (0) .

As with the functions �� (U:), the functions 6� (G8 , U:) are chosen to interpolate between the three known

values at U
(0)
:

and for the alternate cases U
(±)
:

for each event, using the same interpolation strategy. For the

nominal case 6� (G8 , U (0)
:

) = 1, and for U
(±)
:

, the probability density ratios 6� (G8 , U (±)
:

) are estimated per

event by training ensembles of classifiers. These classifiers are trained to separate nominal samples ?� (G8)
from systematic variation samples ?� (G, U (±)

:
), with one ensemble per physics process, per NP, and per

variation.

Once the functions 6� (G8 , U (±)
:

) are determined, these can even be used to replace the alternative simulations

altogether in an analysis. This method was used to describe modeling uncertainties in the previous ATLAS

analysis of the off-shell Higgs boson production [17] and more recently in the measurement of the ,�

and /� production with Higgs boson decays into bottom and charm quarks [37]. The diagnostic tests

described in Section 4 are also useful tools to validate these NNs, although they can be less illuminating if

the systematic variation is very small (leading to B(G8) ≈ 0.5 for all events).

NSBI not only constructs a more sensitive analysis in the entire phase space of the POIs `, but also

in the space of the NPs U [36]. As with histogram analyses, it is important to ensure that an NSBI

analysis does not overconstrain a NP, i.e., it does not constrain the uncertainty on NP beyond the externally

prescribed uncertainty. Overconstraining might indicate that the modeling of the systematic uncertainty is

oversimplified or the fit is exploiting aspects of the systematic uncertainty model that are not known well,

for instance in the case of two-point theory uncertainties [38]. An analysis of the pulls on the NPs and

impacts, described further in Section 5.4, and the use of alternative modeling of the systematic uncertainties,

such as splitting the NP into independent sub-components, can reveal such issues. Furthermore, LHC

experiments often quantify the uncertainties in the systematic uncertainties themselves, and on models of

correlation between different components of systematic uncertainties [39, 40]. Such challenges are often

discussed in the context of model misspecification in ML literature.
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5.2 The profile log-likelihood ratio

The full test statistic, based on a profile log-likelihood ratio [41], can be constructed from Eq. (17) by

considering all events in the observed data, adding a Poisson term modeling the total rate and including

Gaussian constraint factors for the NPs. If #data is the number of events in observed data D,

!full(`, U |D)
!ref(D) = Pois(#data |a(`, U))

#data∏

8

?(G8 |`, U)
?ref(G8)

∏

:

Gaus(0: |U: , X:), (18)

where 0: and X: are the values of the auxiliary measurements and their associated uncertainty, which

are used to constrain the source of systematic uncertainty associated with the NP U: . The likelihood

corresponding to the reference probability distribution can be written as !ref(D) = ∏#data

8
?ref(G8). If a NP

is unconstrained, the corresponding constraint factor is suppressed. An important class of unconstrained

NPs is data-driven normalization parameters.

The profiling step involves an unconditional and a conditional maximum likelihood estimation of Eq. (18),

(̂̀, Û) = argmax
`,U

!full(`, U)
!ref

,

̂̂U(`) = argmax
U

!full(`, U)
!ref

,

(19)

where the dependence of !full on D is implicit, and where !ref is a constant, without any dependence on `

or U, it does not affect the position of the maxima. The test statistic is constructed by taking the ratio of

Eq. (18) at these two points in the parameter space. The dependency on !ref cancels out and the traditional

profile log-likelihood ratio is recovered,

C` = −2 ln

(
!full(`, ̂̂U(`))
!full(̂̀, Û)

)
. (20)

The use of likelihood ratios instead of likelihoods does not prevent the combination of NSBI and

histogram-based analyses. Any combination can be written as

!comb(`, U)
!ref

=
!full(`, U)

!ref

!hist(`, U). (21)

The corresponding test statistic is again independent of !ref since it cancels in the profile likelihood

ratio [25].

5.3 Effects from the limited size of simulated samples

When likelihood ratios are estimated with NNs, an uncertainty may be introduced to account not only

for the limited number of simulated training samples, but also for the stochastic nature of the training

algorithm. Training ensembles on bootstrapped versions of the training data, as described in Section 2.4

provides a natural way to describe both of these effects.
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Since the estimator for the density ratio is computed as the mean2 prediction from an ensemble of networks,

the variance of that mean can be estimated by using the bootstrapping technique. The mean of each

bootstrapped ensemble is used to estimate a best-fit value of the parameter(s) of interest ˆ̀, and the variance

of these estimates determines the variation of the mean Δ ˆ̀ due the finite number of events in the training

sample. The variance can be determined at different values of ` using different Asimov datasets.3 Such

datasets, at any value of the POIs, can often be constructed from a set of simulations at few basis points in

this parameter space, using various morphing techniques [8, 42]. The estimated Δ ˆ̀ is an uncertainty in the

modeling of the expected probability density of the physics processes, and therefore, it can be introduced as

a systematic uncertainty following the spurious signal approach [43] frequently employed in unbinned LHC

analyses. A NP Ustat with a Gaussian constraint term is introduced in Eq. (17) with the modification

5� (`) → 5� (` + Ustat Δ ˆ̀(`)). (22)

5.4 Calculation of pulls and impacts

While the unbinned nature of NSBI poses computational challenges to traditional statistical tools for

evaluating and analysing the profile likelihood ratio, this framework enables the direct application of

modern computational tools that simplify calculations. The full likelihood ratio (Eq. (18)) and the test

statistic (Eq. (20)) are differentiable functions. Their dependence on the POIs ` and NPs U is introduced

through differentiable functions, either through smooth functions or through NNs that are themselves

differentiable. It is natural to leverage auto-differentiation techniques [44] to calculate the Hessian matrix

of !full(`, U). Auto-differentiation tools can also be leveraged to perform profiling assisted by exact

gradients.

Local estimates of NP pulls and impacts rely on the calculation of the Jacobian and Hessian matrices. The

local estimate of pulls and impacts is known as the HESSE procedure [45–47] in high-energy physics.

The covariance estimates it provides are a useful metric of the uncertainty during the development of

the analysis. The reported uncertainties of the final analysis are calculated with the so-called MINOS

procedure, which are based on profile likelihood ratio intervals in the asymptotic approximation. In this

section, procedures for the local HESSE approximation based on the exact Jacobian and Hessian matrices

are derived. The construction of confidence intervals will be described in Section 6.

The HESSE covariance matrix is estimated using the inverse of the Hessian matrix at the maximum

likelihood estimate (̂̀, Û),

+=< =

[
1

2

m2_

mU=mU<
(̂̀, Û)

]−1

, (23)

where _(`, U) = −2 ln(!full(`, U)/!ref) and the POI is identified by the index< = 0 to simplify the notation.

The calculation of the Jacobian and Hessian matrices can be parallelized on computing clusters [48]. The

pull of the NP U is defined as

2 The median, known to be robust to outliers, could also be used.
3 An Asimov dataset is one for which the application of any unbiased estimator for all parameters will provide the true values [41].

In unbinned analyses, an approximation of such a dataset can be constructed using a large number of simulated events with

appropriate event weights.
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Û: − U
(0)
:√

+::
. (24)

The impact of a systematic uncertainty is an estimate of the propagation of the uncertainty to the POI `.

Like in case of estimation of pulls, the impact of a systematic uncertainty can be approximated by a local

expression based solely on the Jacobian and Hessian matrices or by a more accurate, but computationally

more expensive, expression based on the maximum likelihood estimate calculated at different parameter

values.

The impact of a systematic uncertainty is traditionally estimated by the difference Γ
NP, (±)
:

= ̂̀̂(Û:±
√
+::)−̂̀

where ̂̀̂(Û: ±
√
+::) is the conditional maximum likelihood estimate obtained by keeping the NP associated

with the systematic uncertainty fixed at U: = Û: ±
√
+:: . Recently [49], an alternative definition has

been proposed where the impact is estimated with the difference Γ
AO, (±)
:

= ̂̀(0: ± X:) − ̂̀(0:) of the

maximum likelihood estimates when the value of the auxiliary observable (AO) 0: representing the

auxiliary measurement is shifted by the externally provided uncertainty and when it is kept at its nominal

value. The latter definition has been shown to allow for a consistent decomposition of systematic and

statistical uncertainties.

Both definitions of the impact of a systematic uncertainty have local definitions which can be calculated

efficiently with auto-differentiation. In the case of a single POI, a local estimate of the impact ΓNP
:

is given

by

Γ
NP
: =

m ̂̀
mU:

×
√
+:: =

[
m2_

m2`
(̂̀, Û)

]−1
m2_

m`mU:
(̂̀, Û) ×

√
+:: , (25)

considerably simplifying the analysis of the profile likelihood ratio. The effect of pulls on the impact can

be evaluated by calculating the so-called pre-fit impact, which is obtained by replacing
√
+:: → X: in

Eq. (25). A local estimate for the alternative definition of impact is given by Γ
AO
:

= +0: (̂̀, Û) [49], where

the covariance matrix is defined in Eq. (23). In non-linear likelihoods with multiple local minima, the local

definition also avoids ambiguities that exist when estimating impacts based on finite differences. Further

details about these calculations for NSBI using auto-differentiation techniques are described in Ref. [48].

6 Neyman construction

In frequentist statistics, a confidence interval derived from a measurement is expected to cover the true

value with a specified probability (e.g., in 68% or 95% of experiments). The procedure for building such

confidence intervals, referred to as the Neyman construction, involves the inversion of the hypothesis tests.

When the distribution of the test statistics is not known, e.g. outside the asymptotic regime [41], or for non-

linear problems, this distribution can be estimated with the help of a large number of pseudo-experiments

generated based on simulated samples [50].

In the case of NSBI, any residual bias in the estimated probability density ratios may produce a test statistic

that does not follow a j2 distribution, making this procedure all the more crucial. The procedure for

producing such pseudo-experiments, often referred to as throwing toys, is well established for histogram-

based analyses, where the probability density can be sampled as individual Poisson distributions in each
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bin. This approach can be extended to an unbinned, multi-dimensional NSBI analysis. The example of the

off-shell Higgs production analysis described in Section 3 requires a Neyman construction because of the

double local minima created by the quantum interference and because of the bias created by the ` > 0

condition. These conditions are captured by the simplified analysis presented in this paper and will serve

as a example of the produced developed in this section.

6.1 Generating pseudo-experiments

Similar to events measured in an actual experiment, pseudo-experiments consist of unweighted events.

These can be generated by sampling simulated events with replacement, with the probability of sampling

an event determined by its original weight in the Asimov dataset, FAsimov
8

. Since the same simulated event

can be chosen multiple times in a pseudo-experiment, this count can be represented by a new integer event

weight, F
toy

8
.4 For a computationally efficient generation of these pseudo-experiments, each simulated

event is assigned a F
toy

8
sampled from a Poisson random number generator with a mean corresponding to

the Asimov weight of the event,

FAsimov
8 → F

toy

8
= Poisson(FAsimov

8 ). (26)

The generated weights F
toy

8
are integers by construction. Since FAsimov

8
represent fractional weights, with a

magnitude of O(10−3) for the example described in Section 3, most event are assigned a weight of zero,

and a smaller subset is assigned integer weights. A very small fraction of events may be represented

multiple times in a single pseudo-experiment (F
toy

8
≥ 2), similar to the scenario of generating samples via

bootstrapping. To generate such pseudo-experiments from a simulated sample, the original number of

simulated events must be much larger than the number of events in an individual pseudo-experiment.

6.2 Overcoming negative weights

The prescription for generating unweighted pseudo-experiments requires the original weights of the

simulated events to be non-negative, FAsimov
8

≥ 0, since the Poisson distribution is only defined for

non-negative values. When the MC simulation sample at a given value of the POIs includes events with

negative weights, an alternate sample may be used that consists only of positive weights and covers the

support of the original sample. The alternate sample, henceforth referred to as the reweight reference

sample, will have to first be reweighted to the desired value of the POIs. The samples corresponding to

the reference defined in Section 2 may be a convenient choice for the reweight reference sample because

it already covers the entire preselection region and can be defined to comprise only positive-weighted

events. Since the reference sample does not need to correspond to a physical process, a very large sample

can be simulated at leading-order in perturbation theory and without negative weights. A large reference

sample is not only ideal for the network training but also to allow the generation of large number of

pseudo-experiments following the methods described here. The reweight reference can be reweighted

using Eq. (10) to the desired value of the theory parameter

Frwt-ref
8 → FAsimov

8 (`) = a(`)
arwt-ref

?(G8 |`)
?rwt-ref(G8)

Frwt-ref
8 , (27)

4 While the integer weights F
toy
8

are used for convenience, the constructed pseudo-experiment still behaves effectively like an

unweighted dataset.
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Figure 4: (a) Distribution of the test statistic C`=0.0 for the case `′ = 0.0 and (b) distribution of C`=1.0 for the case

with `′ = 1.0. Each distribution is estimated with 15 000 pseudo-experiments. The confidence intervals (CI) are

built using a Neyman construction by integrating up to 68.27% (vertical dashed yellow line) and 95.45% (vertical

dash-dotted red line) of the distribution.

where ?rwt-ref(G8) is the probability density and arwt-ref is the rate for the reweight-reference sample. The

probability density ratio ?(G8 |`)/?rwt-ref(G8) can be obtained from ensembles specifically trained for the

reweighting procedure, following the same prescription as for the networks used for inference. The

estimates can be validated using the same diagnostics described in Section 4, and the new samples are

thereby verified to have the same asymptotic properties as the original MC simulation samples. There are

also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman

construction [50]. For the analysis described in Section 3, the distribution of ?(C` |`), representing the test

statistic C` for pseudo-experiments generated at a fixed value of `, is used to determine the one and two

standard-deviation confidence intervals as functions of `. In each pseudo-experiment, the values of the

AOs 0: are sampled from the constraint density. The distribution of the test statistic values over many

pseudo-experiments is shown in Figure 4 with a ` of 1. This procedure is repeated over the range of ` to

construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from

the asymptotic j2 distribution in which the 68.27% and 95.45% confidence intervals would be defined

exacly at C` = 1 and C` = 4. In the case of the off-shell Higgs production analysis, the deviation comes

from the non-linear parametrization used in the off-shell Higgs boson production measurement [17], and

are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated

by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in

such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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Figure 6: A comparison of expected sensitivity from various analysis strategies using the log-likelihood ratio test

statistic C`, as a function of `. The evaluation is performed on an Asimov dataset generated with ` = 1. The solid red

curve represents NSBI. The dashed green curve represents a typical histogram analysis that uses a fixed observable,

log ?S/?(G |` = 1), as a discriminant, with 15 bins. The markers show the sensitivity for various histogram analyses

that use specific discriminants, ?(G8 |`)/?(G8 |` = 1), for specific values of `(= 0.0, 0.05, 0.15, 1.90), with 15 (green

pluses), 20 (yellow crosses), 30 (orange stars) or 90 (red dots) bins. The improved sensitivity of the green plus

markers over the green dashed curve, both using 15 bins, is due to the use of a parametrized observable.

likelihood fit is performed with it, analogous to what would be done in traditional analyses. The likelihood

is used to construct a likelihood ratio test statistic, analogous to a traditional analysis using the same data.

The improvement from NSBI relative to this approach can be seen in Figure 5.

To assess the power of the method exclusively due to the parametric approach of NSBI, its results are also

compared to that of a parametrized but binned variant of NSBI. The second method uses an observable

that is parametrized in `,

O` =
?(G8 |`)

?(G8 |` = 1) , (30)

that is subsequently binned and used to perform a Poisson likelihood fit. The log-likelihood ratio is

computed for each value of ` using a histogram of the corresponding version of O`, similar to the method

described in Ref. [22]. The improvement shown in Figure 6 for O` over Ofixed illustrates the power

of a parametrized method. The traditional analysis (with the fixed observable) exhibits two prominent

minima, which is typical in analyses with non-linear effects from, for example, quantum interference.

However, the minimum at the incorrect value of ` is far less prominent for the analysis using a parametrized

observable. Since the observable is optimized for each value of the parameter of interest, the method

is able to more confidently reject the incorrect values of `. The further improvement of the full NSBI

implementation is due to the unbinned nature of the method. As the number of bins increases, O` can

approach the sensitivity of NSBI; however, this may introduce numerical instability, requiring careful bin

width optimization, and make sufficiently fine binning untenable across the full range of `. If the number

of bins in a histogram-based analysis is limited by the number of simulated events, then leveraging the

power of unbinned fits may be desirable.
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Figure 8: Values of the log-likelihood test statistic C` as a function of signal strength `, representing only statistical

uncertainties (solid red for NSBI, dashed green for histogram analysis), compared with the values of the profile

log-likelihood ratio, representing both statistical and systematic uncertainties (dash-dotted red for NSBI, dotted green

for histogram analysis), evaluated on Asimov data generated with ` = 1. The histogram analysis is performed with a

fixed observable, log ?B/?(G |` = 1). The two NPs in this study are described in Section 3.3.

8 Conclusions and outlook

While NSBI methods have drawn interest for their potential to dramatically improve the sensitivity of

key analyses at the LHC, several open questions have remained regarding their application in a full-scale

LHC analysis. This work develops the necessary tools and concepts required to have a complete statistical

framework for NSBI at the LHC and addresses these open questions. The power and feasibility of the

method are assessed through an example use case: a simplified measurement of the off-shell Higgs

boson couplings in the four-lepton final states. This is an analysis with destructive quantum interference

between the signal and background processes, which makes the likelihood model non-linear in the signal

strength parameter and benefits from the power of NSBI methods. Comparisons with two histogram-based

methods illustrate the gains from the unbinned and parametrized nature of the NSBI method. Since this

demonstration was performed on a simplified version of the analysis that does not include all the relevant

physics processes and systematic uncertainties, the expected sensitivity shown does not reflect the expected

sensitivity of the full physics result.

The framework extends the standard statistical methodology employed at the LHC, transitioning to an

unbinned, multi-dimensional setting, capable of accommodating a large number of systematic uncertainties.

The paper also provides a list of diagnostics that can be used to understand and validate the performance of

the neural network classifiers and describes a method to build a robust test statistic needed for hypothesis

tests. It also describes the procedure to construct confidence intervals for unbinned analyses such as those

using NSBI. Computational challenges in evaluating and analyzing the test statistic are overcome with the

use of auto-differentiation techniques, which help profiling and computing of pulls and impacts.
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This method can be applied for parameter estimation in various frequentist statistical analyses, making

optimal use of both the available data and simulated samples. It is particularly advantageous for analyses

with non-linear likelihood models, large quantum interference, a small number of data events, or those

requiring complex analysis observables. While “optimal observables” have previously been used to measure

theory parameters in EFT analyses, these observables are close to optimal only for small regions of the

parameter space, and often optimized for regions near the Standard Model. They typically do not account

for detector effects. In contrast, NSBI is designed to achieve close to optimal sensitivity throughout the

phase space under consideration, accounting for detector effects and systematic uncertainties.

Since this method inherits formalisms from the standard statistical methods used in LHC experiments,

it also inherits the challenges. These include the challenge of model misspecification, for instance, if

the simulation has systematic differences from data and the systematic uncertainties have not been well

modeled. These issues can be diagnosed by inspecting pulls, impacts and other diagnostics in the same

manner as in traditional histogram-based analyses. This method can also be used in conjunction with

data-driven background estimates when the background simulations are not reliable and incorporate

other techniques used in traditional analyses to mitigate systematic uncertainties. One potential technical

challenge to an NSBI analysis over a histogram-based one is the need for enough training data to optimize

precise probability density ratio estimators. These could be overcome by pre-training the networks first on

larger datasets, such as fast simulated samples. Another technical challenge lies in the computational cost

of training such a large number of neural networks. However, the increasing availability of large scientific

computing facilities may mitigate this concern in the near future.
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Appendix

A Interpolation function

Section 5 discusses the use of interpolation methods for systematic uncertainties. A common choice for the

interpolation function to parametrize the impact of NPs at the LHC is [2]

�� (U:) =
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, (31)

where the six coefficients 2= of the polynomial in U: are determined uniquely from the requirements

that �� (U:) be continuous and its first and second derivatives be continuous at U: = ±1. The same

interpolation strategy and continuity requirements can be used to interpolate 6� (G8 , U:),

6� (G8 , U:) =




(
6� (G8 , U (+)

:
)
)U:

U: > 1

1 +
6∑

==1

2=U
=
: −1 ≤ U: ≤ 1

(
6� (G8 , U (−)

:
)
)−U:

U: < −1

. (32)

References

[1] G. Cowan, Statistical data analysis, Oxford University Press, USA, 1998.

[2] K. Cranmer, “Practical Statistics for the LHC,” 2011 European School of High-Energy Physics,

2015, arXiv: 1503.07622 [physics.data-an].

[3] K. Cranmer, J. Brehmer, and G. Louppe, The frontier of simulation-based inference,

Proc. Nat. Acad. Sci. 117 (2020) 30055, arXiv: 1911.01429 [stat.ML].

[4] J. Brehmer, K. Cranmer, G. Louppe, and J. Pavez,

A guide to constraining effective field theories with machine learning,

Phys. Rev. D 98 (2018) 052004, arXiv: 1805.00020 [hep-ph].

[5] A. Ghosh, “Measuring quantum interference in the off-shell Higgs to four leptons process with

Machine Learning,” Journées de Rencontre des Jeunes Chercheurs 2019 (JRJC 2019), 2020 171,

url: https://hal.archives-ouvertes.fr/hal-02971995.

[6] A. Butter, T. Plehn, N. Soybelman, and J. Brehmer, Back to the formula - LHC edition,

SciPost Phys. 16 (2024) 037, arXiv: 2109.10414 [hep-ph].

[7] K. Cranmer, J. Pavez, and G. Louppe,

Approximating Likelihood Ratios with Calibrated Discriminative Classifiers, (2016),

arXiv: 1506.02169 [stat.AP].

27



[8] J. Brehmer, F. Kling, I. Espejo, and K. Cranmer,

MadMiner: Machine Learning-Based Inference for Particle Physics,

Comput. Softw. Big Sci. 4 (2020) 3, arXiv: 1907.10621 [hep-ph].

[9] L. Heinrich, Learning Optimal Test Statistics in the Presence of Nuisance Parameters, (2022),

arXiv: 2203.13079 [stat.ME].

[10] L. Heinrich, S. Mishra-Sharma, C. Pollard, and P. Windischhofer,

Hierarchical Neural Simulation-Based Inference Over Event Ensembles, (2023),

arXiv: 2306.12584 [stat.ML].

[11] G. Papamakarios, E. Nalisnick, D. J. Rezende, S. Mohamed, and B. Lakshminarayanan,

Normalizing Flows for Probabilistic Modeling and Inference, J. Mach. Lear. Res. 22 (2021) 2617,

arXiv: 1912.02762 [stat.ML].

[12] G. Papamakarios and I. Murray,

Fast n-free Inference of Simulation Models with Bayesian Conditional Density Estimation, 2018,

arXiv: 1605.06376 [stat.ML].

[13] C. Modi et al., Sensitivity Analysis of Simulation-Based Inference for Galaxy Clustering, (2023),

arXiv: 2309.15071 [astro-ph.CO].

[14] L. Brandes et al., Neural simulation-based inference of the neutron star equation of state directly

from telescope spectra, JCAP 09 (2024) 009, arXiv: 2403.00287 [astro-ph.HE].

[15] M. Dax et al., Real-Time Gravitational Wave Science with Neural Posterior Estimation,

Phys. Rev. Lett. 127 (2021) 241103, arXiv: 2106.12594 [gr-qc].

[16] K. Cranmer, G. Lewis, L. Moneta, A. Shibata, and W. Verkerke,

HistFactory: A tool for creating statistical models for use with RooFit and RooStats, (2012),

url: https://cds.cern.ch/record/1456844.

[17] ATLAS Collaboration, Evidence of off-shell Higgs boson production from // leptonic decay

channels and constraints on its total width with the ATLAS detector,

Phys. Lett. B 846 (2023) 138223, arXiv: 2304.01532 [hep-ex],

Erratum: Phys. Lett. B 854 (2024) 138734.

[18] ATLAS Collaboration, A simultaneous unbinned differential cross section measurement of

twenty-four /+jets kinematic observables with the ATLAS detector, (2024),

arXiv: 2405.20041 [hep-ex].

[19] T. Hastie, R. Tibshirani, and J. Friedman, The Elements of Statistical Learning,

Springer Series in Statistics, New York, NY, USA: Springer New York Inc., 2001.

[20] L. Garrido and A. Juste,

On the determination of probability density functions by using Neural Networks,

Comput. Phys. Commun. 115 (1998) 25, arXiv: physics/9807018 [physics.data-an].

[21] ATLAS Collaboration, Search for nonresonant pair production of Higgs bosons in the 11̄11̄ final

state in ?? collisions at
√
B = 13 TeV with the ATLAS detector, Phys. Rev. D 108 (2023) 052003,

arXiv: 2301.03212 [hep-ex].

[22] P. Baldi, K. Cranmer, T. Faucett, P. Sadowski, and D. Whiteson,

Parameterized neural networks for high-energy physics, Eur. Phys. J. C 76 (2016) 235,

arXiv: 1601.07913 [hep-ex].

28



[23] Z. Zhou, Ensemble Methods: Foundations and Algorithms,

Chapman & Hall/CRC Machine Learning & Pattern Recognition, CRC Press, 2012,

isbn: 9781439830055.

[24] ATLAS Collaboration,

Evaluating statistical uncertainties and correlations using the bootstrap method,

ATL-PHYS-PUB-2021-011, 2021, url: https://cds.cern.ch/record/2759945.

[25] ATLAS Collaboration,

Measurement of off-shell Higgs boson production in the �∗ → // → 4ℓ decay channel using a

neural simulation-based inference technique with the ATLAS detector at
√
B = 13 TeV,

CERN-EP-2024-298, 2024.

[26] S. Bolognesi et al., Spin and parity of a single-produced resonance at the LHC,

Phys. Rev. D 86 (2012) 095031, arXiv: 1208.4018 [hep-ph].

[27] P. Ramachandran, B. Zoph, and Q. V. Le, Searching for Activation Functions, (2017),

arXiv: 1710.05941 [cs.NE].

[28] M. Stone, Cross-Validatory Choice and Assessment of Statistical Predictions,

J. R. Stat. Soc. Ser. B Methodol. 36 (1974) 111.

[29] T. Dozat, “Incorporating Nesterov Momentum into Adam,”

4th International Conference on Learning Representations, ed. by Y. Bengio and Y. LeCun, 2016 1,

url: https://dblp.org/rec/conf/iclr/2016.html.

[30] TensorFlow Developers, TensorFlow, version v2.9.0-rc2, 2022,

url: https://doi.org/10.5281/zenodo.6519082.

[31] F. B. Megino et al., Operational experience and R&D results using the Google Cloud for

High-Energy Physics in the ATLAS experiment, Int. J. Mod. Phys. A 39 (2024) 2450054,

arXiv: 2403.15873 [hep-ex].

[32] J. M. Campbell and R. K. Ellis, Update on vector boson pair production at hadron colliders,

Phys. Rev. D 60 (1999) 113006, arXiv: hep-ph/9905386.

[33] CMS Collaboration, Measurements of the Higgs boson width and anomalous �++ couplings from

on-shell and off-shell production in the four-lepton final state, Phys. Rev. D 99 (2019) 112003,

arXiv: 1901.00174 [hep-ex].

[34] C. Krause and D. Shih,

Fast and accurate simulations of calorimeter showers with normalizing flows,

Phys. Rev. D 107 (2023) 113003, arXiv: 2106.05285 [physics.ins-det].

[35] R. Kansal et al., Evaluating generative models in high energy physics,

Phys. Rev. D 107 (2023) 076017, arXiv: 2211.10295 [hep-ex].

[36] A. Ghosh, B. Nachman, and D. Whiteson,

Uncertainty-aware machine learning for high energy physics, Phys. Rev. D 104 (2021) 056026,

arXiv: 2105.08742 [physics.data-an].

[37] ATLAS Collaboration,

Measurements of ,� and /� production with Higgs boson decays into bottom quarks and direct

constraints on the charm Yukawa coupling in 13 TeV?? collisions with the ATLAS detector, (2024),

arXiv: 2410.19611 [hep-ex].

29



[38] A. Ghosh and B. Nachman, A cautionary tale of decorrelating theory uncertainties,

Eur. Phys. J. C 82 (2022) 46, arXiv: 2109.08159 [hep-ph].

[39] ATLAS Collaboration, Determination of jet calibration and energy resolution in proton–proton

collisions at
√
B = 8 TeV using the ATLAS detector, Eur. Phys. J. C 80 (2020) 1104,

arXiv: 1910.04482 [hep-ex].

[40] ATLAS Collaboration, Measurement of the inclusive jet cross-sections in proton–proton collisions

at
√
B = 8 TeV with the ATLAS detector, JHEP 09 (2017) 020, arXiv: 1706.03192 [hep-ex].

[41] G. Cowan, K. Cranmer, E. Gross, and O. Vitells,

Asymptotic formulae for likelihood-based tests of new physics, Eur. Phys. J. C 71 (2011) 1554,

arXiv: 1007.1727 [physics.data-an], Erratum: Eur. Phys. J. C 73 (2013) 2501.

[42] ATLAS Collaboration,

A morphing technique for signal modelling in a multidimensional space of coupling parameters,

ATL-PHYS-PUB-2015-047, 2015, url: https://cds.cern.ch/record/2066980.

[43] ATLAS Collaboration, Recommendations for the Modeling of Smooth Backgrounds,

ATL-PHYS-PUB-2020-028, 2020, url: https://cds.cern.ch/record/2743717.

[44] A. G. Baydin, B. A. Pearlmutter, A. A. Radul, and J. M. Siskind,

Automatic differentiation in machine learning: a survey, J. Mach. Learn. Res. 18 (2018) 1,

arXiv: 1502.05767 [cs.SC].

[45] F. James, MINUIT: Function Minimization and Error Analysis Reference Manual,

(1998), CERN Program Library Long Writeups, url: https://cds.cern.ch/record/2296388.

[46] W. Verkerke and D. Kirkby, The RooFit toolkit for data modeling, 2003,

arXiv: physics/0306116 [physics.data-an].

[47] L. Moneta et al., The RooStats Project, 2011, arXiv: 1009.1003 [physics.data-an].

[48] J. Sandesara et al.,

ATLAS Data Analysis using a Parallel Workflow on Distributed Cloud-based Services with GPUs,

EPJ Web of Conf. 295 (2024) 04007.

[49] A. Pinto et al., Uncertainty components in profile likelihood fits, Eur. Phys. J. C 84 (2024) 593,

arXiv: 2307.04007 [physics.data-an].

[50] J. Neyman,

Outline of a Theory of Statistical Estimation Based on the Classical Theory of Probability,

Phil. Trans. Roy. Soc. Lond. 236 (1937) 333.

[51] M. Backes, A. Butter, T. Plehn, and R. Winterhalder, How to GAN Event Unweighting,

SciPost Phys. 10 (2021) 089, arXiv: 2012.07873 [hep-ph].

[52] B. Nachman and J. Thaler,

Neural resampler for Monte Carlo reweighting with preserved uncertainties,

Phys. Rev. D 102 (2020) 076004, arXiv: 2007.11586 [hep-ph].

[53] M. Drnevich, S. Jiggins, J. Katzy, and K. Cranmer,

Neural Quasiprobabilistic Likelihood Ratio Estimation with Negatively Weighted Data, (2024),

arXiv: 2410.10216 [stat.ML].

[54] ATLAS Collaboration, ATLAS Computing Acknowledgements, ATL-SOFT-PUB-2023-001, 2023,

url: https://cds.cern.ch/record/2869272.

30



[55] ATLAS Collaboration, Total cost of ownership and evaluation of Google cloud resources for the

ATLAS experiment at the LHC, (2024), arXiv: 2405.13695 [cs.DC].

31



























Gaziantep University, Gaziantep;(2)Department of Physics, Istanbul University, Istanbul; Türkiye.
23 (0)Facultad de Ciencias y Centro de Investigaciónes, Universidad Antonio Nariño,

Bogotá;(1)Departamento de Física, Universidad Nacional de Colombia, Bogotá; Colombia.
24 (0)Dipartimento di Fisica e Astronomia A. Righi, Università di Bologna, Bologna;(1) INFN Sezione di

Bologna; Italy.
25Physikalisches Institut, Universität Bonn, Bonn; Germany.
26Department of Physics, Boston University, Boston MA; United States of America.
27Department of Physics, Brandeis University, Waltham MA; United States of America.
28 (0)Transilvania University of Brasov, Brasov;(1)Horia Hulubei National Institute of Physics and Nuclear

Engineering, Bucharest;(2)Department of Physics, Alexandru Ioan Cuza University of Iasi, Iasi;(3)National

Institute for Research and Development of Isotopic and Molecular Technologies, Physics Department,

Cluj-Napoca;(4)National University of Science and Technology Politechnica, Bucharest;( 5 )West

University in Timisoara, Timisoara;(6)Faculty of Physics, University of Bucharest, Bucharest; Romania.
29 (0)Faculty of Mathematics, Physics and Informatics, Comenius University, Bratislava;(1)Department of

Subnuclear Physics, Institute of Experimental Physics of the Slovak Academy of Sciences, Kosice; Slovak

Republic.
30Physics Department, Brookhaven National Laboratory, Upton NY; United States of America.
31Universidad de Buenos Aires, Facultad de Ciencias Exactas y Naturales, Departamento de Física, y

CONICET, Instituto de Física de Buenos Aires (IFIBA), Buenos Aires; Argentina.
32California State University, CA; United States of America.
33Cavendish Laboratory, University of Cambridge, Cambridge; United Kingdom.
34 (0)Department of Physics, University of Cape Town, Cape Town;(1) iThemba Labs, Western

Cape;(2)Department of Mechanical Engineering Science, University of Johannesburg,

Johannesburg;(3)National Institute of Physics, University of the Philippines Diliman

(Philippines);(4)University of South Africa, Department of Physics, Pretoria;( 5 )University of Zululand,

KwaDlangezwa;(6)School of Physics, University of the Witwatersrand, Johannesburg; South Africa.
35Department of Physics, Carleton University, Ottawa ON; Canada.
36 (0)Faculté des Sciences Ain Chock, Université Hassan II de Casablanca;(1)Faculté des Sciences,

Université Ibn-Tofail, Kénitra;(2)Faculté des Sciences Semlalia, Université Cadi Ayyad,

LPHEA-Marrakech;(3)LPMR, Faculté des Sciences, Université Mohamed Premier, Oujda;(4)Faculté des

sciences, Université Mohammed V, Rabat;( 5 ) Institute of Applied Physics, Mohammed VI Polytechnic

University, Ben Guerir; Morocco.
37CERN, Geneva; Switzerland.
38Affiliated with an institute formerly covered by a cooperation agreement with CERN.
39Affiliated with an institute covered by a cooperation agreement with CERN.
40Affiliated with an international laboratory covered by a cooperation agreement with CERN.
41Enrico Fermi Institute, University of Chicago, Chicago IL; United States of America.
42LPC, Université Clermont Auvergne, CNRS/IN2P3, Clermont-Ferrand; France.
43Nevis Laboratory, Columbia University, Irvington NY; United States of America.
44Niels Bohr Institute, University of Copenhagen, Copenhagen; Denmark.
45 (0)Dipartimento di Fisica, Università della Calabria, Rende;(1) INFN Gruppo Collegato di Cosenza,

Laboratori Nazionali di Frascati; Italy.
46Physics Department, Southern Methodist University, Dallas TX; United States of America.
47National Centre for Scientific Research "Demokritos", Agia Paraskevi; Greece.
48 (0)Department of Physics, Stockholm University;(1)Oskar Klein Centre, Stockholm; Sweden.
49Deutsches Elektronen-Synchrotron DESY, Hamburg and Zeuthen; Germany.
50Fakultät Physik , Technische Universität Dortmund, Dortmund; Germany.

44



51Institut für Kern- und Teilchenphysik, Technische Universität Dresden, Dresden; Germany.
52Department of Physics, Duke University, Durham NC; United States of America.
53SUPA - School of Physics and Astronomy, University of Edinburgh, Edinburgh; United Kingdom.
54INFN e Laboratori Nazionali di Frascati, Frascati; Italy.
55Physikalisches Institut, Albert-Ludwigs-Universität Freiburg, Freiburg; Germany.
56II. Physikalisches Institut, Georg-August-Universität Göttingen, Göttingen; Germany.
57Département de Physique Nucléaire et Corpusculaire, Université de Genève, Genève; Switzerland.
58 (0)Dipartimento di Fisica, Università di Genova, Genova;(1) INFN Sezione di Genova; Italy.
59II. Physikalisches Institut, Justus-Liebig-Universität Giessen, Giessen; Germany.
60SUPA - School of Physics and Astronomy, University of Glasgow, Glasgow; United Kingdom.
61LPSC, Université Grenoble Alpes, CNRS/IN2P3, Grenoble INP, Grenoble; France.
62Laboratory for Particle Physics and Cosmology, Harvard University, Cambridge MA; United States of

America.
63 (0)Department of Modern Physics and State Key Laboratory of Particle Detection and Electronics,

University of Science and Technology of China, Hefei;(1) Institute of Frontier and Interdisciplinary

Science and Key Laboratory of Particle Physics and Particle Irradiation (MOE), Shandong University,

Qingdao;(2)School of Physics and Astronomy, Shanghai Jiao Tong University, Key Laboratory for Particle

Astrophysics and Cosmology (MOE), SKLPPC, Shanghai;(3)Tsung-Dao Lee Institute, Shanghai;(4)School

of Physics, Zhengzhou University; China.
64 (0)Kirchhoff-Institut für Physik, Ruprecht-Karls-Universität Heidelberg, Heidelberg;(1)Physikalisches

Institut, Ruprecht-Karls-Universität Heidelberg, Heidelberg; Germany.
65 (0)Department of Physics, Chinese University of Hong Kong, Shatin, N.T., Hong Kong;(1)Department

of Physics, University of Hong Kong, Hong Kong;(2)Department of Physics and Institute for Advanced

Study, Hong Kong University of Science and Technology, Clear Water Bay, Kowloon, Hong Kong; China.
66Department of Physics, National Tsing Hua University, Hsinchu; Taiwan.
67ĲCLab, Université Paris-Saclay, CNRS/IN2P3, 91405, Orsay; France.
68Centro Nacional de Microelectrónica (IMB-CNM-CSIC), Barcelona; Spain.
69Department of Physics, Indiana University, Bloomington IN; United States of America.
70 (0) INFN Gruppo Collegato di Udine, Sezione di Trieste, Udine;(1) ICTP, Trieste;(2)Dipartimento

Politecnico di Ingegneria e Architettura, Università di Udine, Udine; Italy.
71 (0) INFN Sezione di Lecce;(1)Dipartimento di Matematica e Fisica, Università del Salento, Lecce; Italy.
72 (0) INFN Sezione di Milano;(1)Dipartimento di Fisica, Università di Milano, Milano; Italy.
73 (0) INFN Sezione di Napoli;(1)Dipartimento di Fisica, Università di Napoli, Napoli; Italy.
74 (0) INFN Sezione di Pavia;(1)Dipartimento di Fisica, Università di Pavia, Pavia; Italy.
75 (0) INFN Sezione di Pisa;(1)Dipartimento di Fisica E. Fermi, Università di Pisa, Pisa; Italy.
76 (0) INFN Sezione di Roma;(1)Dipartimento di Fisica, Sapienza Università di Roma, Roma; Italy.
77 (0) INFN Sezione di Roma Tor Vergata;(1)Dipartimento di Fisica, Università di Roma Tor Vergata,

Roma; Italy.
78 (0) INFN Sezione di Roma Tre;(1)Dipartimento di Matematica e Fisica, Università Roma Tre, Roma;

Italy.
79 (0) INFN-TIFPA;(1)Università degli Studi di Trento, Trento; Italy.
80Universität Innsbruck, Department of Astro and Particle Physics, Innsbruck; Austria.
81University of Iowa, Iowa City IA; United States of America.
82Department of Physics and Astronomy, Iowa State University, Ames IA; United States of America.
83Istinye University, Sariyer, Istanbul; Türkiye.
84 (0)Departamento de Engenharia Elétrica, Universidade Federal de Juiz de Fora (UFJF), Juiz de

Fora;(1)Universidade Federal do Rio De Janeiro COPPE/EE/IF, Rio de Janeiro;(2) Instituto de Física,

45



Universidade de São Paulo, São Paulo;(3)Rio de Janeiro State University, Rio de Janeiro;(4)Federal

University of Bahia, Bahia; Brazil.
85KEK, High Energy Accelerator Research Organization, Tsukuba; Japan.
86Graduate School of Science, Kobe University, Kobe; Japan.
87 (0)AGH University of Krakow, Faculty of Physics and Applied Computer Science, Krakow;(1)Marian

Smoluchowski Institute of Physics, Jagiellonian University, Krakow; Poland.
88Institute of Nuclear Physics Polish Academy of Sciences, Krakow; Poland.
89Faculty of Science, Kyoto University, Kyoto; Japan.
90Research Center for Advanced Particle Physics and Department of Physics, Kyushu University, Fukuoka ;

Japan.
91L2IT, Université de Toulouse, CNRS/IN2P3, UPS, Toulouse; France.
92Instituto de Física La Plata, Universidad Nacional de La Plata and CONICET, La Plata; Argentina.
93Physics Department, Lancaster University, Lancaster; United Kingdom.
94Oliver Lodge Laboratory, University of Liverpool, Liverpool; United Kingdom.
95Department of Experimental Particle Physics, Jožef Stefan Institute and Department of Physics,

University of Ljubljana, Ljubljana; Slovenia.
96School of Physics and Astronomy, Queen Mary University of London, London; United Kingdom.
97Department of Physics, Royal Holloway University of London, Egham; United Kingdom.
98Department of Physics and Astronomy, University College London, London; United Kingdom.
99Louisiana Tech University, Ruston LA; United States of America.
100Fysiska institutionen, Lunds universitet, Lund; Sweden.
101Departamento de Física Teorica C-15 and CIAFF, Universidad Autónoma de Madrid, Madrid; Spain.
102Institut für Physik, Universität Mainz, Mainz; Germany.
103School of Physics and Astronomy, University of Manchester, Manchester; United Kingdom.
104CPPM, Aix-Marseille Université, CNRS/IN2P3, Marseille; France.
105Department of Physics, University of Massachusetts, Amherst MA; United States of America.
106Department of Physics, McGill University, Montreal QC; Canada.
107School of Physics, University of Melbourne, Victoria; Australia.
108Department of Physics, University of Michigan, Ann Arbor MI; United States of America.
109Department of Physics and Astronomy, Michigan State University, East Lansing MI; United States of

America.
110Group of Particle Physics, University of Montreal, Montreal QC; Canada.
111Fakultät für Physik, Ludwig-Maximilians-Universität München, München; Germany.
112Max-Planck-Institut für Physik (Werner-Heisenberg-Institut), München; Germany.
113Graduate School of Science and Kobayashi-Maskawa Institute, Nagoya University, Nagoya; Japan.
114 (0)Department of Physics, Nanjing University, Nanjing;(1)School of Science, Shenzhen Campus of Sun

Yat-sen University;(2)University of Chinese Academy of Science (UCAS), Beĳing; China.
115Department of Physics and Astronomy, University of New Mexico, Albuquerque NM; United States of

America.
116Institute for Mathematics, Astrophysics and Particle Physics, Radboud University/Nikhef, Nĳmegen;

Netherlands.
117Nikhef National Institute for Subatomic Physics and University of Amsterdam, Amsterdam;

Netherlands.
118Department of Physics, Northern Illinois University, DeKalb IL; United States of America.
119 (0)New York University Abu Dhabi, Abu Dhabi;(1)United Arab Emirates University, Al Ain; United

Arab Emirates.
120Department of Physics, New York University, New York NY; United States of America.

46



121Ochanomizu University, Otsuka, Bunkyo-ku, Tokyo; Japan.
122Ohio State University, Columbus OH; United States of America.
123Homer L. Dodge Department of Physics and Astronomy, University of Oklahoma, Norman OK; United

States of America.
124Department of Physics, Oklahoma State University, Stillwater OK; United States of America.
125Palacký University, Joint Laboratory of Optics, Olomouc; Czech Republic.
126Institute for Fundamental Science, University of Oregon, Eugene, OR; United States of America.
127Graduate School of Science, Osaka University, Osaka; Japan.
128Department of Physics, University of Oslo, Oslo; Norway.
129Department of Physics, Oxford University, Oxford; United Kingdom.
130LPNHE, Sorbonne Université, Université Paris Cité, CNRS/IN2P3, Paris; France.
131Department of Physics, University of Pennsylvania, Philadelphia PA; United States of America.
132Department of Physics and Astronomy, University of Pittsburgh, Pittsburgh PA; United States of

America.
133 (0)Laboratório de Instrumentação e Física Experimental de Partículas - LIP, Lisboa;(1)Departamento

de Física, Faculdade de Ciências, Universidade de Lisboa, Lisboa;(2)Departamento de Física,

Universidade de Coimbra, Coimbra;(3)Centro de Física Nuclear da Universidade de Lisboa,

Lisboa;(4)Departamento de Física, Universidade do Minho, Braga;( 5 )Departamento de Física Teórica y

del Cosmos, Universidad de Granada, Granada (Spain);(6)Departamento de Física, Instituto Superior

Técnico, Universidade de Lisboa, Lisboa; Portugal.
134Institute of Physics of the Czech Academy of Sciences, Prague; Czech Republic.
135Czech Technical University in Prague, Prague; Czech Republic.
136Charles University, Faculty of Mathematics and Physics, Prague; Czech Republic.
137Particle Physics Department, Rutherford Appleton Laboratory, Didcot; United Kingdom.
138IRFU, CEA, Université Paris-Saclay, Gif-sur-Yvette; France.
139Santa Cruz Institute for Particle Physics, University of California Santa Cruz, Santa Cruz CA; United

States of America.
140 (0)Departamento de Física, Pontificia Universidad Católica de Chile, Santiago;(1)Millennium Institute

for Subatomic physics at high energy frontier (SAPHIR), Santiago;(2) Instituto de Investigación

Multidisciplinario en Ciencia y Tecnología, y Departamento de Física, Universidad de La

Serena;(3)Universidad Andres Bello, Department of Physics, Santiago;(4) Instituto de Alta Investigación,

Universidad de Tarapacá, Arica;( 5 )Departamento de Física, Universidad Técnica Federico Santa María,

Valparaíso; Chile.
141Department of Physics, Institute of Science, Tokyo; Japan.
142Department of Physics, University of Washington, Seattle WA; United States of America.
143Department of Physics and Astronomy, University of Sheffield, Sheffield; United Kingdom.
144Department of Physics, Shinshu University, Nagano; Japan.
145Department Physik, Universität Siegen, Siegen; Germany.
146Department of Physics, Simon Fraser University, Burnaby BC; Canada.
147SLAC National Accelerator Laboratory, Stanford CA; United States of America.
148Department of Physics, Royal Institute of Technology, Stockholm; Sweden.
149Departments of Physics and Astronomy, Stony Brook University, Stony Brook NY; United States of

America.
150Department of Physics and Astronomy, University of Sussex, Brighton; United Kingdom.
151School of Physics, University of Sydney, Sydney; Australia.
152Institute of Physics, Academia Sinica, Taipei; Taiwan.
153 (0)E. Andronikashvili Institute of Physics, Iv. Javakhishvili Tbilisi State University, Tbilisi;(1)High

47



Energy Physics Institute, Tbilisi State University, Tbilisi;(2)University of Georgia, Tbilisi; Georgia.
154Department of Physics, Technion, Israel Institute of Technology, Haifa; Israel.
155Raymond and Beverly Sackler School of Physics and Astronomy, Tel Aviv University, Tel Aviv; Israel.
156Department of Physics, Aristotle University of Thessaloniki, Thessaloniki; Greece.
157International Center for Elementary Particle Physics and Department of Physics, University of Tokyo,

Tokyo; Japan.
158Graduate School of Science and Technology, Tokyo Metropolitan University, Tokyo; Japan.
159Department of Physics, University of Toronto, Toronto ON; Canada.
160 (0)TRIUMF, Vancouver BC;(1)Department of Physics and Astronomy, York University, Toronto ON;

Canada.
161Division of Physics and Tomonaga Center for the History of the Universe, Faculty of Pure and Applied

Sciences, University of Tsukuba, Tsukuba; Japan.
162Department of Physics and Astronomy, Tufts University, Medford MA; United States of America.
163Department of Physics and Astronomy, University of California Irvine, Irvine CA; United States of

America.
164University of West Attica, Athens; Greece.
165University of Sharjah, Sharjah; United Arab Emirates.
166Department of Physics and Astronomy, University of Uppsala, Uppsala; Sweden.
167Department of Physics, University of Illinois, Urbana IL; United States of America.
168Instituto de Física Corpuscular (IFIC), Centro Mixto Universidad de Valencia - CSIC, Valencia; Spain.
169Department of Physics, University of British Columbia, Vancouver BC; Canada.
170Department of Physics and Astronomy, University of Victoria, Victoria BC; Canada.
171Fakultät für Physik und Astronomie, Julius-Maximilians-Universität Würzburg, Würzburg; Germany.
172Department of Physics, University of Warwick, Coventry; United Kingdom.
173Waseda University, Tokyo; Japan.
174Department of Particle Physics and Astrophysics, Weizmann Institute of Science, Rehovot; Israel.
175Department of Physics, University of Wisconsin, Madison WI; United States of America.
176Fakultät für Mathematik und Naturwissenschaften, Fachgruppe Physik, Bergische Universität

Wuppertal, Wuppertal; Germany.
177Department of Physics, Yale University, New Haven CT; United States of America.
178Yerevan Physics Institute, Yerevan; Armenia.
0 Also Affiliated with an institute covered by a cooperation agreement with CERN.
1 Also at An-Najah National University, Nablus; Palestine.
2 Also at Borough of Manhattan Community College, City University of New York, New York NY; United

States of America.
3 Also at Center for High Energy Physics, Peking University; China.
4 Also at Center for Interdisciplinary Research and Innovation (CIRI-AUTH), Thessaloniki; Greece.
5 Also at CERN, Geneva; Switzerland.
6 Also at CMD-AC UNEC Research Center, Azerbaĳan State University of Economics (UNEC);

Azerbaĳan.
ℎ Also at Département de Physique Nucléaire et Corpusculaire, Université de Genève, Genève;

Switzerland.
8 Also at Departament de Fisica de la Universitat Autonoma de Barcelona, Barcelona; Spain.
9 Associated at Department of Electrical Engineering and Computer Science, Université de Liège, Liège;

Belgium.
: Also at Department of Financial and Management Engineering, University of the Aegean, Chios; Greece.
; Also at Department of Mathematical Sciences, University of South Africa, Johannesburg; South Africa.

48



< Also at Department of Physics, Bolu Abant Izzet Baysal University, Bolu; Türkiye.
= Also at Department of Physics, California State University, Sacramento; United States of America.
> Also at Department of Physics, King’s College London, London; United Kingdom.
? Also at Department of Physics, Stanford University, Stanford CA; United States of America.
@ Also at Department of Physics, Stellenbosch University; South Africa.
A Also at Department of Physics, University of Fribourg, Fribourg; Switzerland.
B Also at Department of Physics, University of Thessaly; Greece.
C Also at Department of Physics, Westmont College, Santa Barbara; United States of America.
D Also at Faculty of Physics, Sofia University, ’St. Kliment Ohridski’, Sofia; Bulgaria.
E Also at Hellenic Open University, Patras; Greece.
F Also at Henan University; China.
G Also at Imam Mohammad Ibn Saud Islamic University; Saudi Arabia.
H Also at Institucio Catalana de Recerca i Estudis Avancats, ICREA, Barcelona; Spain.
I Also at Institut für Experimentalphysik, Universität Hamburg, Hamburg; Germany.
00 Also at Institute for Nuclear Research and Nuclear Energy (INRNE) of the Bulgarian Academy of

Sciences, Sofia; Bulgaria.
01 Also at Institute of Applied Physics, Mohammed VI Polytechnic University, Ben Guerir; Morocco.
02 Also at Institute of Particle Physics (IPP); Canada.
03 Also at Institute of Physics, Azerbaĳan Academy of Sciences, Baku; Azerbaĳan.
04 Also at National Institute of Physics, University of the Philippines Diliman (Philippines); Philippines.
0 5 Also at Technical University of Munich, Munich; Germany.
06 Also at The Collaborative Innovation Center of Quantum Matter (CICQM), Beĳing; China.
0ℎ Also at TRIUMF, Vancouver BC; Canada.
08 Also at Università di Napoli Parthenope, Napoli; Italy.
0 9 Also at University of Colorado Boulder, Department of Physics, Colorado; United States of America.
0: Also at University of the Western Cape; South Africa.
0; Also at Washington College, Chestertown, MD; United States of America.
0< Also at Yeditepe University, Physics Department, Istanbul; Türkiye.
∗ Deceased

49


