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1. Goals and Theory

The Standard Model (SM) of particle physics provides a remarkably successful description of the fundamental constituents
of matter and the forces that govern their interactions. Despite its predictive power, the SM is widely understood to be an
incomplete theory. It does not account for observed matter-antimatter asymmetry of the universe, provides no dark
matter candidate, fails to incorporate gravity at the quantum level, and leaves the mass hierarchy of fermions unexplained.

A variety of Beyond Standard Model (BSM) theories address these shortcomings by hypothesizing the existence of new
heavy gauge bosons that come from extensions of the Standard Model’s electroweak symmetry, the mathematical structure
that organizes how particles interact with the weak nuclear force. These hypothetical particles are called Z’' bosons
(z-prime bosons). A Z’ boson is generally understood to be a heavier counterpart of the Z boson, a known particle that
mediates the weak nuclear force and was discovered at CERN in 1983. Many BSM extensions predict that the Z' would
couple to leptons and quarks, though the coupling strength varies between models. In the Sequential Standard Model
benchmark, the couplings are thought to be identical to the Z, while other models predict substantially different couplings
(Langacker, 2009).

Previous searches at the LHC have set lower mass limits on Z' bosons in the multi-TeV range for the most common
benchmark models. Both ATLAS and CMS have performed high-mass dilepton searches using the full Run 2 dataset of 139
fb? and found no evidence of a Z' (ATLAS Collaboration, 2019b; CMS Collaboration, 2021). An undiscovered resonance
remains possible, particularly at masses or coupling strengths below the sensitivity of these previous analyses.

Our search utilizes the dilepton channel because of its simplicity and clarity. As a hypothetical “cousin” of the Z boson, the
Z’ should decay into a pair formed by a lepton and its corresponding anti-lepton (e.g. an electron and positron). Utilizing
this channel, often called the “golden channel’ allows for a clean experimental signature and a well-understood
background from the Drell-Yan process (Drell & Yan, 1970). If a Z’ exists, it would appear as a localized excess of events, or a
“bump”, in the dilepton invariant mass spectrum at the Z’ mass, sitting on top of the smooth Drell-Yan continuum. This
“bump-hunt” strategy is the standard approach to discovering new resonances at colliders.

Machine learning is now a standard tool in particle physics for classifying collision events (Feickert & Nachman, 2021;
Radovic et al.,, 2018). However, applying machine learning to bump-hunt searches comes with a concern: if a classifier
learns to reconstruct invariant mass (even indirectly through correlated features), it can distort the smooth background
spectrum and create artificial peaks where no real signal exists. This problem, known as background sculpting (Dolen et al.,
2016), is the primary failure this analysis is designed to avoid.

The goal of this work is to develop and validate a fully reproducible machine learning workflow for a search in the dilepton
channel using ATLAS Open Data, following the methodological structure of real collider analyses. We apply this workflow to
a Z' boson search as a concrete test case and find no statistically significant localized excess across the probed mass range.

2. Experimental Background

2.1. The LHC
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The Large Hadron Collider (LHC) at CERN is the world’s most powerful particle accelerator (Evans & Bryant, 2008). It
accelerates two beams of protons in opposite directions to nearly the speed of light, then brings them into head-on
collision at designated interaction points. During Run 2 (2015-2018), the LHC operated at a center-of-mass energy of V's =
13 TeV, meaning the total energy available in each proton-proton collision is 13 trillion electron-volts. This analysis uses
data collected in 2015 during the first year of Run 2.

2.2. ATLAS Detector

The ATLAS (A Toroidal LHC Apparatus) detector is a large general-purpose particle detector at the LHC (ATLAS
Collaboration, 2008). It is designed to record the debris from high-energy proton-proton collisions and reconstruct what
happened in each event using software and sensors. The detector is built in concentric layers around the collision point,
with each layer optimized to measure different types of particles:

e Inner Detector: The innermost layer immersed in a strong magnetic field. Charged particles curve as they pass
through the field, and the curvature is used to measure their momentum. This is the primary system for tracking
leptons such as electrons and muons.

e Calorimeters: These layers, surrounding the inner detector, absorb particles and measure their energy. The
electromagnetic calorimeter measures electrons and photons, while the hadronic calorimeter measures jets
(sprays of particles produced by quarks and gluons).

e Muon spectrometer: Muons pass through calorimeters relatively undetected, depositing only a small amount of
energy through ionization. They are too heavy to radiate the electromagnetic showers that electrons do, and
because they are leptons that don’t participate in the strong force, muons also do not produce hadronic showers
like protons and neutrons. So, this dedicated system in the outermost layer identifies and measures them with
high precision using a toroidal magnetic field.

2.3. Dataset

This analysis uses Run 2 2015 proton-proton collision data made publicly available through the CERN Open Data Portal in
2024 (ATLAS Collaboration, 2024). The data is provided in DAOD-PHYSLITE format, an analysis-ready format in which the
ATLAS experiment collaboration has already performed computationally heavy work like identifying particles. This full
dataset contains 10,049 files with a total 9.3 TiB of approximately 1.69 x 10° events and has a luminosity of 3.2 fb™.

3. Data Preparation

3.1. Event Selection

For event selection, we do not apply any additional trigger requirements, as the PHYSLITE Open Data is already
trigger-filtered. We select events containing exactly two same-flavor leptons: dielectron events (with exactly two electrons)
and dimuon events (with exactly two muons). While lepton flavor is recorded, it is not used as an input for our classifiers.
We do not impose an opposite-sign charge requirement, and this limitation is discussed in Section 6.2. Limitations and
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Future Improvements. For each dilepton event, the following reconstructed objects are extracted:

e Lepton Kinematics: Using analysis-level reconstructed lepton objects without further ID/isolation cuts
(AnalysisElectronsAuxDyn and AnalysisMuonsAuxDyn), we collect the transverse momentum pT (the component of
momentum perpendicular to the beam), pseudorapidity n, and azimuthal angle ¢ of each lepton.

e Jet Kinematics: The three same kinematic variables are collected for the leading reconstructed jet
(AnalysisJetsAuxDyn), plus the jet multiplicity n_jets (how many jets were found in the event).

e Missing Transverse Energy (MET): The apparent imbalance in the total transverse momentum of the event, the
MET can signal potential undetected particles like neutrinos. It is reconstructed from the x and y components of
the missing momentum vector (MET_Core_AnalysisMETAuxDyn.mpx,/mpy).

All momenta are provided in MeV by ATLAS and are converted to GeV for this analysis. We do not apply any pT-based cuts
while selecting events and processing data, although quality cuts are applied prior to training the model, as discussed in
Section 3.3.

3.2. Invariant Mass

The dilepton invariant mass my, is an important value for this search. If two leptons originate from a parent particle decay
(like a Z’ boson decaying into two leptons), then the dilepton invariant mass should equal the mass of the parent particle.
Thus, if a Z' boson exists, it would produce a peak of events at a particular value in the invariant mass spectrum
corresponding to its mass. This is what physics “bump hunts” typically look for. Dilepton Invariant mass is calculated using
the three kinematic variables that we collected for each lepton (pT, n, ¢):

m, = \2pT'pT[cosh (0" = n?) — cos Ca )
3.3. Quality Cuts

We apply quality cuts that are standard to the LHC. A pseudorapidity cut |n| < 2.5 is applied to electrons and muons,
reflecting the acceptance of the ATLAS inner detector and calorimeter. For muons, this cut reflects limitations of the
ATLAS Inner Detector and its Semiconductor Tracker (SCT), which work with the ATLAS Muon Spectrometer to measure
muon momentum (ATLAS Collaboration, 2016). For electrons, the ATLAS electromagnetic calorimeter precision region is |n|
< 2.47, which makes this analogous cut slightly conservative but still valid. However, standard ATLAS analyses also exclude
the barrel-endcap transition region (1.37 < |n| < 1.52), where dead material degrades electron energy resolution. We do not
apply this exclusion in this simplified Open Data analysis, which may slightly broaden the reconstructed electron resolution
(ATLAS Collaboration, 2019a). Jet variables are undefined for events where n_jets = 0, so the pseudorapidity cut is
conditionally applied to jet objects when n_jets > 0.

A hard cut of my < 3,500 GeV is applied because the background spectrum falls very steeply, and so past this boundary,
there are hardly any events in the 20 GeV bins that our fit uses. We account for this problem with a minimum of 10 events
for a bin to be used during the significance scan which restricts the scan to my, = 250-1450 GeV.
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4. Machine Learning Methodology

The machine learning methodology has three stages. First, we train two classifiers, a boosted decision tree (BDT) and a
deep neural network (DNN), to distinguish Z-peak events from low-mass Drell-Yan background events using only
kinematic features, with the dilepton invariant mass deliberately excluded so that the classifiers cannot learn the search
variable. Both are trained and validated on events drawn exclusively from the low-mass sidebands and the Z-peak region,
well below the search region, so that the search region itself remains blinded during model development. These Z-peak
events are not meant to stand in for a Z’ signal, but are used as a Z-like proxy-signal and real resonances that a Z’ would
be kinematically similar to.

Second, we apply the trained classifiers to the high-mass search region (my > 250 GeV) and sort every event into
categories by classifier score, concentrating the most Z-like events into a single high-scoring category. Within that
category, we model the smooth Drell-Yan background with a three-parameter parametric fit:

fam =1 - %)plm(_”z)

This function combines a falling power law in m with a factor that suppresses the spectrum as m approaches the
kinematic limit V's (ATLAS Collaboration, 2019b). The three parameters (p,, p;, P2) are determined by fitting the function to
the observed mass spectrum in 20 GeV bins using x*> minimization, which is a statistical procedure that adjusts the
parameters to minimize the sum of squared residuals between the fit and the data, weighted by the uncertainty in each
bin.

We evaluate the accuracy of the fit with reduced chi-squared statistic, y2/ndf, which is a sum over all bins of squared
deviations. y? is evaluated as y? = & (ni — bi)? / o2, where n; is the number of observed events in a bin, b; is the number of
events predicted to be in the bin by the background fit, and o; is a variance calculation. Ndf (number of degrees of
freedom) is calculated by subtracting the number of parameters in the fit (three in our case) from the number of bins we
search. This background spectrum should remain smooth and falling, and a good fit provides evidence against the
classifiers sculpting artificial structure into it.

Finally, we perform a bin-by-bin Asimov significance scan within the high-score category, comparing the observed
number of events in each bin against the background fit to test for localized excesses. The remainder of this section
describes the input features, the two classifier architectures, and their training process.

4.1. Features

The core idea of this methodology is to train machine-learning classifiers to distinguish Z-like events from non-Z-like
events using only kinematic features. Specifically, the momenta, angles, jet activity, and missing transverse energy of each
event. While we record lepton flavor during event selection, it is not used as an input for the classifiers, so electron events
and muon events are treated the same despite their different kinematic behaviors. This limitation is acknowledged in
Section 6.2. The trained classifiers are then applied to the search region to identify which high-mass events look most like a
Z boson and then concentrate these potential Z’ signals into a high-score category.

(. theconvergencejournal.org Vol. 2, No. 3; October 4, 2026



Machine-Learning-Driven Search for a Z’ Boson in the Dilepton Channel Using ATLAS Open Data ( Convergence

AJournal for Young Researchers

One critical design choice for the input features is that dilepton invariant mass is excluded, as including it would allow the
classifiers to directly learn the search variable and potentially sculpt the background to create artificial “bumps” in the
mass spectrum where no real signal exists. Of course, kinematic inputs such as pT, n, and ¢ are used to calculate invariant
mass, so classifiers may still indirectly learn mass-correlated information. However, excluding the invariant mass is a step
taken to mitigate this mass correlation.

The same 11 input features are used for both classifiers. They are listed with their descriptions in Table 1.

Table 1: Input kinematic features for the models and their descriptions

Feature Meaning
pT!, pT? Transverse momenta of the leading and subleading leptons (electron or muon)
n, W Pseudorapidities of both leptons
9, ¢? Azimuthal angles of both leptons
n_jets Reconstructed jet multiplicity
leading_jet_pT Transverse momentum of the leading jet (zero if n_jets = 0)
leading_jet_n Pseudorapidity of the leading jet (zero if n_jets = 0)
leading_jet_¢o Azimuthal Angle of the leading jet (zero if n_jets = 0)
MET Missing transverse energy
(. theconvergencejournal.org Vol. 2, No. 3; October 4, 2026
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Both classifiers are trained as binary classifiers, with Z-peak events labeled as proxy-signal (class 1) and low-mass Drell-Yan
events labeled as background (class 0) (Collins et al., 2019; Metodiev et al., 2017). The labeled sample of training events is
split 80/20 into training and test sets using stratified sampling (preserving class ratio in both splits), giving 8,950,298
training events and 2,237,575 held-out test events for validation.

4.2. Boosted Decision Tree (BDT)

The BDT, an ensemble of gradient-boosted decision trees that has become a standard classifier in particle physics
(Friedman, 2001; Roe et al., 2005), uses binary cross-entropy (BCE), a loss function for binary classification where loss
increases exponentially when the difference between the model’s prediction and the event’s actual label increases. For an
event with true label y (either O or 1) and predicted probability p, the BCE is:

L= —[y*log(p) +A —=y)*log(1l —p)]

Loss is small when the model’s prediction matches the correct label of the event and large when the model is incorrect with
high confidence. Each successive tree is fit to the gradient of this loss so that the ensemble progressively reduces its
overall error. This loss calculation is done automatically using XGBoost, a scalable open-source gradient-boosting library
implemented in Python through its xgboost package, which handles tree construction, gradient computation, and
parallelized training internally (Chen & Guestrin, 2016). All preprocessing of input features, train/test splitting, and
evaluation are carried out in Python using NumPy, pandas, and scikit-learn.

To prevent the model from overfitting, we apply several forms of regularization using XGBoost parameters.

e Number of trees and learning rate: We train 300 trees with a low learning rate of 0.03. The learning rate scaled
down each tree’s contribution, so that each tree makes a small correction rather than aggressively fitting the
training data. A low rate combined with many trees sacrifices training speed for better generalization.

e Maximum depth of 5: Each tree is limited to 5 levels deep, which produces at most 32 distinct regions. Unlike deep
trees, which tend to memorize individual events, shallow trees learn broad patterns.

e Minimum child weight of 10: In each tree, a leaf node can only be split if both children would contain at least 10
units of statistical weight. This prevents the model from learning patterns from small groups of unusual events.

e Minimum split gain of 1.0: Splits only happen if they reduce the loss by at least 1.0. This “prunes” each tree by
removing redundant branches, which helps reduce overfitting.

e L1 regularization (reg_alpha = 0.1): This essentially adds a penalty proportional to the absolute value of each leaf’s
output weight. It pushes small leaf weights toward zero, which can prune branches from the trees and simplify the
model. Unlike Lasso regularization in linear models, this does not zero out an input feature’s global importance. It
regularizes the leaf values rather than performing input-feature selection.

e L2 regularization (reg_lambda = 5.0): Adds a penalty proportional to the square of a leaf’s prediction. It shrinks
large weights toward zero and strongly discourages overconfident predictions.
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e Stochastic gradient boosting (70%): Each tree is trained on a random 70% of events using a random 70% of
features. This randomness prevents all trees from making the same mistakes.

The class imbalance between labeled signal events (5,811,472) and labeled background events (5,376,401) is handled by a
scale_pos_weight parameter of 0.93 (calculated ratio), which decreases the weight of signal class during training.

4.3. Deep Neural Network

Neural networks (LeCun et al., 2015), and in particular deep architectures applied to collider classification problems (Baldi
et al.,, 2014), are built from computational units called neurons. Each neuron takes in a set of numbers and computes a
weighted sum based on weights that are learned during training. The result is passed through a nonlinear activation
function. Our model uses the ReLU (Rectified Linear Unit) activation function, which outputs the input if it is positive and
zero otherwise. ReLU and the DNN architecture is implemented with PyTorch, an open-source deep-learning framework in
Python that provides automatic differentiation, GPU-accelerated tensor operations, and prebuilt neural-network modules.
The network is defined as a torch.nn.Module subclass, with linear layers, batch normalization, dropout, and ReLU
activations composed using the torch.nn API (Nair & Hinton, 2010; Paszke et al., 2019).

Neurons are arranged in multiple layers. In a fully connected layer, every neuron receives input from every neuron in the
previous layer. Unlike graph-based architectures designed to find structural relations in inputs, this multi-layered
perceptron (MLP) does not explicitly encode invariant relationships like mass between particles. Despite this, correlated
kinematic information may still allow partial reconstruction of invariant mass, motivating our validation against background
sculpting (which is discussed in the background modelling section). We initially tried to use a Graph Neural Network (GNN),
but it was able to reconstruct invariant mass and scored events almost solely based on mass. The switch to this
multi-layered perceptron mitigates this background sculpting problem (later confirmed in section 5.2), though it does not
fully rule out indirect mass learning.

Our network consists of input standardization layers, three fully connected hidden layers of 128 neurons each, and a single
output neuron.

e Standardization layer: Before entering the network, each of the 11 input features is transformed to have zero mean
and unit standard deviation by subtracting the mean and dividing by the standard deviation calculated only for
training sets. Since the raw features have different scales (pT can be hundreds of GeV, while ¢ is bounded between
-1t and m), this ensures that features with larger magnitudes do not distort the learning process with large weights.

e Hidden layers: three layers of 128 neurons each. Each layer applies a linear transformation, batch normalization
(which recenters and rescales the activations across each training batch to stabilize learning) (loffe & Szegedy,
2015), and ReLU activation. Each step is implemented using PyTorch. The depth and width of the network give it
the capacity to learn complex nonlinear combinations of input features.

e Dropout (p=0.3): After each hidden layer, 30% of neurons are randomly “switched off” during each training step.
This prevents individual neurons from becoming dependent on one another and improves their individual
reliability. Dropout prevents the model as a whole from overfitting and memorizing training noise (Srivastava et al.,
2014). When testing, however, all neurons are active.
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e Output: In the last layer, a single neuron produces an unbounded score, which is passed through a sigmoid
function to predict a probability between 0 (background) and 1 (signal).

Training occurs in epochs, where one epoch is a full pass through the training data. For each epoch, the data is divided into
batches of 4,096 events. For each batch, the network makes predictions, the loss is computed, and the gradient of the loss
with respect to every weight is computed using chain rule (backpropagation). The weights are then updated according to
this gradient. We do clip gradients at 1.0 so that large updates to weights do not cause instability. Over many epochs, the
DNN converges toward a set of weights that minimizes the loss.

We optimize our DNN with AdamW (Loshchilov & Hutter, 2019), a variant of the Adam optimizer that decouples weight
decay from the gradient update. We use a learning rate of 10-* and weight decay of 10 (an L2 like penalty on all weights
that discourages overfitting). AdamW is provided directly by the torch.optim module, and gradients are computed via
PyTorch's automatic differentiation engine during backpropagation. We also use two additional techniques which are also
implemented using the PyTorch library:

e Cosine annealing with warm restarts (Loshchilov & Hutter, 2017): The learning rate decreases smoothly following a
cosine curve over the course of 10 epochs, then resets back to its initial value and begins decaying again. These
periodic resets allow the optimizer to escape shallow local minima that it might otherwise get trapped in, while
the cosine decay within each cycle provides a fine-grained optimization.

e Early stopping (patience = 10): After each epoch, the model is evaluated on the held-out test set. If the test-set
performance, measured by AUC, does not improve for 10 consecutive epochs, training stops and the
best-performing model is used. This prevents the network from training long enough to memorize training data.
Our final model stopped after 29 epochs.

Training and Validation Loss Validation AUC over Training

—— Train loss 0.9996 = === == = = = e e e e e
— Val loss

0.9994

0.9992

Loss
ROC AUC

0.9990
0.05 0.9988

0.9986

0.03 === BestAUC = 0.9996

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

Figure 1: DNN training and validation loss (left) and validation AUC (right) per epoch.

Note. Training stopped after 29 epochs because of the early stopping implementation. The best AUC was 0.9996.
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4.4. Mass Regions
During training and analysis, we divide the dilepton invariant mass spectrum into four non-overlapping regions.

The first region used for training, the background region, is set between 40 and 71.2 GeV. The lower bound was chosen to
get a clean Drell-Yan dominated region without resonance peaks from the J/y at 3.1 GeV and the Y (upsilon) at 9.5 GeV. The
upper bound was chosen to avoid the Z peak at 91.2 GeV. While the Z boson has a natural width of 2.5 GeV, the
reconstructed peak is broader because of detector smearing by the calorimeters and muon spectrometer, so we use a
larger buffer that accounts for both the natural width and detector resolution effects and avoids Z contamination. These
bounds also narrow down our background events so that the ratio of background to signal is much closer to 1. These
low-mass Drell-Yan sideband events serve as a background proxy rather than a signal proxy, and during training and
analysis, we expect our models to associate these events with label=0 (not alike to a Z resonance).

The signal (or proxy signal) region, also used for training, is centered at the Z boson mass of 91.2 GeV and extends to +20
GeV threshold (71.2-111.2 GeV). As previously stated, this width is wide enough so that we do not rely on nearly perfect
reconstructions and narrow enough so that events from the Drell-Yan tail do not contaminate our signal classification. The
lower bound matches the background region upper bound so that there is no overlap between regions but also so that all
events with mass greater than 40 GeV are used. Since we do not use simulated Z’ events, this region provides our only
Z-like resonance for our search. To be clear, these Z-peak events are not real Z’ signal events, and are instead used as a
Z-like proxy signal, or a real resonance that stands in for a hypothetical Z. This proxy carries an implicit assumption that a
multi-TeV Z’ is kinematically similar to 91 GeV Z boson. This assumption is imperfect, since the available phase space, the
parton distribution functions governing the initial-state quark momenta, and the resulting angular distributions of the
decay leptons differ between the Z pole and the multi-TeV scale, so a classifier optimized on Z pole kinematics may not be
optimal for a high-mass resonance. Despite this reduced signal efficiency, avoiding simulation removes dependence on any
particular Z’ model.

The validation region from 111.2 GeV to 250 GeV is not used for training or search. Its purpose is to verify that the model
generalizes reasonably before looking at the actual search region. The lower bound of 111.2 GeV is just above the signal
region. Above this mass, the spectrum is dominated by the high-mass Drell-Yan continuum rather than the on-shell Z peak.
Detector resolution and radiative effects smear a small number of Z events into the lower edge of this window, but they are
a minor contribution across the region as a whole. Continuum events are kinematically similar to Z decays, since both
produce two high-pT leptons from a neutral parent, but they populate higher invariant masses. Since the model has not
seen these events during training, how it scores them tell us how the learned features generalize. The upper bound of 250
GeV was determined empirically. The goal of this upper bound is to ensure that the contribution from residual Z events has
fallen away so that a smoother power law can fit the remaining mass spectrum. Using a y?/ndf fit, we found that below a
bound of 250 GeV, residual Z contributions create an excess that a power law cannot fit (x> /ndf = 3.20 at 200 GeV, 0.99 at
250 GeV). This bound is consistent with other ATLAS analyses which use 225-250 GeV as a lower bound for a high-mass
search region. So, this validation region acts as a transition zone between the signal region and a smooth background.
Events in this region are separated from search events specifically because they are not clean enough for a reliable
background fit.

The search region, everything above 250 GeV, is where we look for a Z. In this region, the Drell-Yan background should be
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smooth and falling, so that a Z' would appear as a localized narrow bump of observed events against a background fit.
Although a cut is applied to events with my, > 3,500 GeV, our significance scan and statistical interpretation are restricted

to 250-1450 GeV, the range over which each 20 GeV bin retains 10 events, which is what we consider sufficient for a reliable
fit.

After training on the labeled background and signal regions, the performance of the models is evaluated with the validation
region before being applied to score events in the blinded search region.

After event selection and quality cuts, there are 5,376,401 events in the background region; 5,811,472 events in the signal
region; 359,621 events in the validation region; and 19,042 events in the search region.

Dilepton Invariant Mass Spectrum — ATLAS Open Data, vs =13 TeV

mmm Background (40-71 GeV)
mmm Z-peak / Signal (71-111 GeV)
[ Validation (111-250 GeV)
mm Search (>250 GeV)

106

10°

104

11,566,536 events
103

Events / 2 GeV

102

10t

10°

200 400 600 800 1000 1200 1400
Dilepton Invariant Mass my [GeV]

Figure 2: Dilepton invariant mass spectrum across a partial mass range, shown on a logarithmic scale.

Note. Events are color-coded by analysis region. The Z peak is at 91.2 GeV with the spectrum falling steeply at higher
masses.
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4.5. ROC Curve

The first metric we use to evaluate our classifiers after training is the Receiver Operating Characteristic Area Under the
Curve (ROC AUC) (Fawcett, 2006). The ROC curve plots the true positive rate (the fraction of signal events correctly
identified by the classifier) against the false positive rate (the fraction of background events incorrectly labeled as signal by
the classifier) as the classification threshold (the minimum score needed for an event to be classified as a signal) varies. The
AUC is the area under the ROC curve and it ranges from 0.5 (essentially random guessing) to 1.0 (perfect accuracy). An AUC
of 0.98, for example, means that a random signal event scores higher than a random background event 98% of the time.

The BDT achieved a test-set AUC of 0.9869, and the DNN achieved a 0.9996. These values are based on the classifiers’
performance on a 20% hold-out set of the total training data, which included everything in the background and signal
region. Both these values are high, which reflects the genuine kinematic differences between Z events and low-mass
Drell-Yan sidebands and demonstrates that the classifiers very accurately separate these two groups. This is important, as
our methodology relies on using the classifiers to find high-mass events reflecting Z-peak patterns that look very different
from the background spectrum. The reason for this large difference in characteristic is because the Z boson produces
leptons with higher transverse momenta than sideband events, and this is a dominant feature driving the classification.
This is confirmed by the BDT’s feature importance analysis: the subleading lepton’s pT accounts for 47% of the model’s
discriminating power, the leading lepton’s pT accounts for 24%, and the other features contribute much less.

It is important to note that these AUC values reflect the classifiers’ ability to distinguish the two training classes (Z-peak vs.
low-mass Drell-Yan) and do not directly measure sensitivity to a Z’ signal in the search region. That sensitivity is
established separately through a background-fit quality and the significance scan described later.
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Figure 3: ROC curve on the held-out test set for the BDT (top) and DNN (bottom) classifiers.
4.6. Overtraining Check

We also used performance checks for overtraining, which occurs when a model memorizes training data rather than
learning general patterns, leading to good performance on training data but bad performance on unseen data. First, we
verified that the model’s performance on the test data mirrors its performance on training data. Then, we confirmed that
score distributions evaluated on the test sets were consistent with training sets, meaning the model scores events similarly
regardless of whether it has or has not seen them before.
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Figure 4: Overtraining check: classifier score distributions on the training and test sets for both the BDT (top) and DNN (bottom).
Note. Train and test distributions agree, indicating no overtraining.
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4.7. Validation

Before unblinding the search region, we apply both classifiers to the 359,621 events in the validation region (111.2-250 GeV),
which were not used during training. Because these events are primarily high-mass Drell-Yan continuum production rather
than the smeared Z peak, they are kinematically similar to Z-peak events (with two high-pT leptons) but at higher invariant
masses. The classifier’s behavior in this region acts as an honest test of whether it has learned genuine Z-like features
rather than simply memorizing the training mass window. In the validation region, the BDT assigns a mean score of 0.872
and the DNN assigns a mean score of 0.998, indicating that both classifiers recognize these events as strongly Z-like. Z
decays are characterized by high transverse momentum, which explains why validation-region events score high (especially
for the DNN): a heavier parent imparts more energy to its decay products, so validation-region events have higher lepton
pT than even some Z-peak events. The score distributions transition smoothly from the signal region into the validation
region with no discontinuity at the 111.2 GeV boundary, which gives us confidence that the classifiers’ behavior in the search
region (>250 GeV) is physically reasonable.

This behavior also clarifies what the classifiers can and cannot do in the blinded search region. Because they were trained
to separate a 91 GeV resonance from a 40 GeV continuum, they rank events largely by pT, and in the search region, like the
validation region, both the Drell-Yan background and a hypothetical Z' produce high-pT leptons. The classifiers therefore
assign high scores to most validation and search region events and do not, at least efficiently, distinguish high-mass
background from high-mass signal. This is expected, as a high-mass Drell-Yan event is genuinely Z-like in its kinematics,
but the classifier’s role in this workflow is not to identify Z’ candidates but to concentrate events with Z-like topology into a
category with a smooth my spectrum that is well described by a simple parametrization. The discrimination between signal
and background is performed by the fit to the mass spectrum, not by initial classifier score.

BDT Score — Validation Region Validation Region Mass by Score Category
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Figure 5: BDT classifier scores in the validation region (111.2-250 GeV): Distribution of BDT scores (left) and invariant mass
distribution broken down by score category (right), showing a smooth transition into the search region.
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5. Search and Results

5.1. Score Categories

After training and validating the classifiers, we apply them to the blinded search region starting at my, = 250 GeV. Each
event is scored between 0 and 1, indicating how Z-like the classifier judges it to be. Scored events are then sorted into four
categories:

1. Low:score < 0.5

2. Medium: 0.5 < score < 0.8
3. High: 0.8 < score < 0.95
4. Very High: score = 0.95

The “very high” category includes events that the classifier considers most similar to a Z boson decay. If a Z’ exists in this
data and decays into lepton pairs like the Z, its events would concentrate in this category and stand out against the
reduced background. This category is the primary channel for our significance scan.

5.2. Background Modeling

As explained in Section 4, we perform a three-parameter fit on the events in the “very high” category and evaluate the
accuracy of the fit with a x?/ndf value. A x?/ndf close to 1 indicates the fit's acceptable agreement within statistical
fluctuations. A value much greater than 1 would indicate that the fit does not accurately describe the data, probably
because the classifier has distorted the mass spectrum and has started background sculpting. Our fits yield x? /ndf = 0.99
for the BDT and x?/ndf = 1.38 for the DNN in the very-high category, which shows no sign of a false signature or distortion
that sculpting would produce. The likely reason that the DNN'’s value is further from 1is because it flags many more events
as high-scoring, which makes it harder for it to create a smooth fit with only three parameters.
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Figure 6: Three-parameter background fits in the very-high score category (score = 0.95) for the BDT (top) and DNN (bottom),
shown overlaid on the observed mass spectrum in 20 GeV bins.

Note. The fits yield x?/ndf = 0.99 and 1.38 respectively.

Because a x? close to 1is a global measure, we supplement it with an examination of the score-mass relationship, where we
expect background sculpting to appear. The left part of Figure 7 profiles the mean DNN scores against m,, across the search
region. The profile is essentially flat, drifting slightly downward with mass rather than rising. The right part shows the
fraction of events in each score category as a function of mass, which remains smooth with no category spiking at any
specific mass. We quantify the relationship with the Pearson and Spearman correlation coefficients between DNN score
and my, which are -0.12 and -0.23 over the full search region and -0.15 and -0.20 within the fitted very-high category. Both
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are small in magnitude and negative, which means the relationship between classifier score and mass is a weak, slightly
negative linear trend, so the classifier is not artificially concentrating events at a particular mass to fake a peak. A
two-sample Kolmogorov-Smirnov comparison of the mass shapes in the high (n = 1,647) and very-high (n = 17,389)
categories gives D = 0.236 with p = 1.8 x 10™, so the two categories do not share an identical mass distribution. This is the
expected consequence of the score-mass trend quantified above rather than a sign of sculpting, since selection efficiency
varies slowly across the search region and at these sample sizes the KS test resolves even a small smooth difference. What
matters for a bump hunt is whether any difference is localized, and the category fractions in Figure 7 show no category
rising or falling sharply at any particular mass. Together with the »?/ndf = 1 background fit, these checks find no evidence
that the classifier forges artificial structure into the invariant mass spectrum while concentrating events by kinematics.
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Figure 7: Classifier score to mass relationship in the DNN search region. Left: mean DNN in invariant mass bins. Right: fraction
of events in each score category versus my.

5.3. Significance Scan

A ¢?/ndf is a global evaluation of our background fit: it evaluates the success of the whole fit. To evaluate statistical
significance of an observed excess in individual bins, we use an Asimov significance scan (Cowan et al., 2011):

z, = \/Zlnln () - - b)J

Where n is the number of observed events in a bin and b is the number of events predicted by the background fit. For both
classifiers, we compute the Asimov significance per 20 GeV mass bins across the search region. This calculation does not
rigorously treat factors such as the fitted background uncertainty, correlation across bins, or bin width, and so it can be
considered an approximate local significance estimate rather than a full statistical analysis.

Across the search region, no bin in either classifier exceeded the conventionally required 5¢ threshold for a discovery or
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even the 3o threshold for evidence of a new particle. However, a discovery was not expected within this workflow anyway:
the 3.2 fb™ sample is far smaller than the full Run 2 dataset already used to exclude Z' bosons across this mass range (see
Section 7 Conclusion), so this scan tests the workflow’s statistical behavior rather than its discovery capability. The largest

significance we observed was at my = 1120 GeV, which both classifiers marked as the most significant bin, with the BDT
yielding 2.04c and the DNN yielding 2.83c.

It is important to note that the reported significance uses only statistical uncertainties. This should not be interpreted as
an official ATLAS result as systematic uncertainties are not considered, and this is mentioned in Section 6.2 Limitations.
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Figure 8: Asimov significance per 20 GeV bin in the very-high score category for BDT (top) and DNN (bottom).

Note. Dashed lines indicate the 20 and 3o thresholds. The largest deviation was 2.83c at my, = 1120 GeV in the DNN.
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5.4. Look-Elsewhere Effect and p-value Calculations

This particular excess may be attributed to the look-elsewhere effect in particle physics (Gross & Vitells, 2010), which is a
tendency to find a statistically significant event simply because of a large search range. Because we scan 60 mass bins (20
GeV bins from 250 to 1450 GeV, which was the largest mass bin with sufficient statistics), a fluctuation of 26 somewhere
along the mass spectrum is not very surprising. We can calculate the one-sided p-values to understand the probability of
finding fluctuations this large purely by chance using this formula:

N

global =1- d)(Z)

Where P_global is the probability of finding a particular excess of significance z across N number of bins and &(z) is the
standard normal cumulative distribution function (CDF), defined as the integral of the Gaussian (Cowan et al., 2011). CDF
values are common in statistics textbooks and we did not calculate them by hand. Performing these calculations, we find an
approximately 74.94% chance that a 26 excess appears and a 14.46% chance that a 2.80c excess appears at least once across
all 60 bins because of statistical noise. This calculation treats the 60 mass bins as independent trials, which is an
approximation. Because the experimental dilepton mass resolution is comparable to or broader than a single 20 GeV bin,
neighboring bins are correlated, so the effective number of independent trials is smaller than 60. A rigorous treatment
would count the expected “upcrossings” of the continuous test-statistic spectrum above a threshold rather than assuming
independent bins. We do not perform this continuous-trials calculation, so the probabilities above should be read as an
approximate estimate rather than rigorous p-values. Nevertheless, it demonstrates that the global significance, or the
significance after considering how many bins were searched, is therefore realistically much lower than 2.83¢ and even 2c.
The deviation we observed is attributed to statistical noise from the large amount of data we used, and we can safely report
no statistically significant Z’ excess across the my = 250-1450 GeV range probed by our significance scan.

5.5. Injection Study

Because no excess is detected, we cannot determine the sensitivity (how large a resonance would have to be to be
detected) of this workflow, so we perform a signal-injection study. Gaussian resonances of width equal to 2% of the
resonance mass are added to the fitted background expectation of the very-high score category at 500, 1000, and 1500 GeV
(Belis et al., 2024). Injecting onto the fitted expectation rather than onto the observed counts prevents whatever fluctuation
already exists in a given window from being folded into the result, so the sensitivity curve begins at zero significance for
zero injected events. For each injected sample, we refit the background and record the median local Asimov significance as
a function of the number of injected events. For the DNN, reaching the 5¢ discovery threshold requires approximately 147,
38, and 17 injected events at 500, 1000, 1500 GeV respectively. For the BDT, reaching 5c requires 157, 50, and 22 events for
the same masses.

This tests the background fit and significance scan procedure rather than the classifiers themselves. The injected events
are added to the fitted spectrum of the very-high score category, so the study measures how many events must appear in
that category to produce a given local significance. It does not measure what fraction of genuine Z’ events either classifier
would place there, which would require a simulated Z' sample that we do not use. So, these yields should be read as the
number of selected events needed for a 5¢ local excess, not as a number of produced Z’ events, and the small difference
between the BDT and DNN curves reflects the different background levels in their very-high categories rather than a
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difference in their signal efficiency.
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Figure 9: Signal-injection sensitivity study (top: BDT, bottom: DNN). Gaussian resonances of width 2% of the resonance mass are
injected onto the fitted background in the very-high score category at 500, 1000, and 1500 GeV.

Note. The background is refit in each case. The first three plots of each row show the dataset for a 3o yield. The right plot
shows median local Asimov significance versus number of injected events.

6. Discussion
The main methodological goal of this analysis was to use ML classifiers in a bump-hunt search without distorting the

background. We achieved this with three important design choices: excluding the invariant mass from features, avoiding
any mass-normalized or mass-derived features, and training on non-overlapping mass sidebands. The x?/ndf close to 1.00

(‘ theconvergencejournal.org Vol. 2, No. 3; October 4, 2026

23



Machine-Learning-Driven Search for a Z’ Boson in the Dilepton Channel Using ATLAS Open Data ( Convergence

AJournal for Young Researchers

for both background fits in the very-high-score category is consistent with this strategy working as intended, as a classifier
that learned from mass features would produce a distorted spectrum that could not be fit with a smooth three-parameter
function.

While traditional approaches to bump-hunt searches involve simple kinematic cuts to select events, this ML-based
approach concentrates signal-like events into higher scoring categories while preserving the smooth background shape.
This suggests that ML classifiers could be useful for improving statistical sensitivity in future searches that include
systematic uncertainties.

6.1. Classifier Comparison

The DNN's test AUC (0.9996) is higher than the BDT’s (0.9869), reflecting the neural network’s greater ability to model
complex input feature combinations. This comparison is confined to the training classes, which means the AUC measures
separation of Z-peak events from low-mass sidebands, and it does not translate to a measured Z’ sensitivity in the search
region. The two classifiers also report different local significances in the same mass bin, but this is an observed fluctuation
rather than a sensitivity measurement, and with no signal present the size of the deviation is expected to vary between
classifiers. The DNN vyields a 2.83¢ significance at my, = 1120 GeV compared to the BDT’s 2.04c. Despite the agreement
between classifiers, neither value approaches a significance threshold sufficient for this to be considered evidence or
discovery. Also, determining which classifier is genuinely more sensitive to a Z' would require simulated signal samples
scored by each model, which this analysis does not use.

The two classifiers both offer their own strengths. The BDT’s feature importance analysis provides insight into the
classification, with a lepton pT dominated scoring (expected from a Z decay). It is more complicated to determine the
decision process of the DNN because it uses more complex feature combinations. Nevertheless, presenting both classifiers
and their independent results provides cross-check validations and strengthens the credibility of the result. The fact that
both models agreed on a null result at the same particular excess increases the confidence in this conclusion.
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Figure 10: BDT feature importance. Lepton transverse momenta dominate, with pT? contributing 47% and pT' contributing
24%.

6.2. Limitations and Future Improvements

This analysis is designed as a methodological demonstration rather than a full experimental result, and improvements are
needed before producing results on par with official CERN and ATLAS publications:

e No comparison to theoretical models: We do not compare our results against existing benchmark theories and
simulated signal events. A complete analysis would interpret the search within one or more theoretical
frameworks, predict the expected signal yield for each model, and set quantitative exclusion limits on their
parameters.

e Systematic uncertainties: We use only statistical uncertainties from the limited number of events in our selected
bins. A complete and proper analysis would include systematic uncertainties on factors like luminosity, lepton
identification efficiencies, and choice of background function.

e Alternative background functions: We use a single three-parameter function, but a professional analysis might
compare several functional forms and include any variation as an additional uncertainty.
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e Mass decorrelation: The DNN’s very high AUC (>0.999) warrants some caution about mass correlation in the
training data set. While the background fit shows no evidence of sculpting, techniques such as adversarial training
or distance-correlation penalties could provide stronger guarantees against mass correlations.

e Look-elsewhere estimate: The global significance reported in Section 5.4 is computed by treating the mass bins as
independent trials. In practice, the detector mass resolution correlates neighboring bins, so this overstates the
trials factor. A rigorous global p-value would instead use the continuous-trials (upcrossings) formalism of Gross
and Vitells (2010). Because our largest local deviation is already well below the 3¢ evidence threshold, this does not
affect the null result, but it would need to be addressed in any analysis aiming for a discovery-level statistical
statement.

e Absolute azimuthal angle (phi): Because of rotational symmetry about the beam, absolute azimuthal angle is
relatively meaningless, as indicated by the BDT feature importance (Figure 10). A model utilizing it may be learning
detector artifacts. In the future, using relative angles rather than absolute angles may be more valuable.

e Indirect mass learning: As mentioned, invariant mass is excluded as an input feature for both classifiers to mitigate
mass correlation. However, since other input variables are used to calculate invariant mass, indirect
mass-correlated learning is still possible for the classifiers.

e Combined lepton channels: Our event selection collects dielectron and dimuon events into the same dataset with
the same 11 features. While lepton flavor is recorded, it isn't used as an input feature for the classifiers. Because
electrons and muons are reconstructed by different subsystems and their momentum resolutions degrade
differently, a single model trained on the combined sample is forced to average channel-specific kinematic
behavior. A future analysis should either train separate classifiers for each channel or include lepton flavor as an
input feature.

e Top-quark background and b-jet veto: Our classifiers are trained to separate Z-peak events from low-mass
Drell-Yan events, both of which are characterized by low missing transverse energy and low jet multiplicity. The
models therefore have no opportunity to learn MET or jet multiplicity as discriminators, as indicated by their low
to zero contribution in the feature importance (Figure 10). The second most significant background in high-mass
dilepton resonance searches, top-quark pair production, produces two high-pT leptons together with genuine
MET from neutrinos and two b-jets. Because our classifiers rank events primarily by lepton pT, these events might
be scored high despite not being Z-like. We do not apply a b-jet veto, the standard method for suppressing
top-quark contamination, as b-tagging information was not collected. Future analyses should include b-tagging
information and apply a b-jet veto.

e Absence of an opposite-sign requirement: The Z and Z’ are electrically neutral, so charge conservation requires
their decay products to be an oppositely charged lepton pair, a standard element of the dilepton “golden channel”
selection. We do not apply this requirement, because lepton charge was not retained during our event selection
and is therefore unavailable in our processed dataset. Our sample therefore contains some same-sign
contamination. These contributions, however, are smooth and non-resonant in my, so they inflate the background
under the fitted spectrum and reduce sensitivity, rather than introducing a localized excess or biasing the search.
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The effect on training is also limited, as the Z-peak and low-mass Drell-Yan regions are mainly populated by
opposite-sign events. Nevertheless, applying an opposite-sign requirement is the first correction we would make
in a future analysis.

7. Conclusion

We have presented a machine-learning based search for a Z’ boson using ATLAS Run 2 2015 open data, comparing a
gradient boosted decision tree and a three-layer MLP trained on mass sideband kinematics. By intentionally excluding
dilepton invariant mass from the input features and training on mass sidebands outside of the search region, both
classifiers achieve strong discrimination between the sideband background proxy and the Z-like proxy signal events (AUC =
0.9869 and 0.9996 respectively) while describing the high-mass background spectrum with a simple three-parameter
function.

Our Asimov significance scan across bins in the search region produces no bins exceeding the 3¢ evidence threshold. Our
largest local deviation is 2.83c at my = 1120 GeV using the DNN, which can be considered a statistical fluctuation when the
look-elsewhere effect is considered. We found no statistically significant localized excess across the 250-1450 GeV range
probed with sufficient statistics; however, this does not imply a definitive null result for a Z’ boson, even though a null
result is expected in this mass range. Indeed, our 3.2 fb™ sample is a subset of the Run 2 dataset with a full 139 fb™
luminosity that has already been used to exclude Z’ bosons across this mass range. A genuine resonance large enough to
produce a visible excess in our sample would have appeared at overwhelming significance in the complete dataset, so any
localized deviation we observe is almost certainly a statistical fluctuation rather than new physics just by nature of the
dataset.

Nevertheless, the value of this work lies in the workflow rather than the search outcome, as the methodology was largely
successful despite what the search yielded. We were able to utilize public data and simple kinematic features to formulate a
completely reproducible pipeline for an ML-driven bump hunt search that shows no evidence of harmful background
sculpting and can be used as a template for future bump hunt analyses using LHC open data. The Z’ search presented here
should therefore be read as a demonstration of the workflow rather than a competitive experimental search, and the lack of
a significant excess reflects the limited integrated luminosity of the dataset rather than a new exclusion of Z’ models.

Many improvements would sharpen this workflow from a methodological demonstration into a more rigorous search. The
most important corrections concern selection: applying an opposite-sign charge requirement and a b-jet veto would
remove the same-sign and top-quark contamination that inflates the background, and training separate classifiers for
dielectron and dimuon channel (or using lepton flavor as an additional input feature) would stop the models from averaging
over the differing momentum resolutions. Beyond these fixes, there are statistical and interpretive extensions to be made.
Considering systematic uncertainties on luminosity and the choice of background function, comparing alternative
background parametrization, and replacing the independent-trials look-elsewhere estimate with the more accurate
continuous-trials formalism would give any reported significance a more rigorous meaning. Taken together and with other
limitations addressed in Section 6.2, these steps define a clear path from a reproducible template toward an analysis with
professional-level statistical conclusions.
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