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Modern experimental physics research, particularly in particle physics, requires extensive data
analysis efforts to identify significant signals indicative of new physics. We present BumpNet, a
novel Neural Network (NN) architecture designed to conduct model-independent searches for mass
bumps arising from new physics phenomena. This model maps invariant mass histograms into
statistical inference distributions to facilitate efficient signal detection. By focusing on experimental
data without relying on simulations, BumpNet enables the identification of exclusive selections
that significantly deviate from the Standard Model’s known properties, marking them for further
study. The NN minimizes resource-intensive tasks such as background estimation and systematic
uncertainty evaluation, enabling rapid testing of multiple final states with only minor sensitivity
loss compared to standard likelihood-based methods.

The model’s performance is validated using training data from the Dark Machines dataset, with its
predicted significance benchmarked against an ideal likelihood analysis. The results demonstrate
negligible bias and variance below 1𝜎 when tested on Gaussian-shaped signals. Furthermore,
BumpNet’s consistency is evaluated using data from the ATLAS Higgs discovery, reinforcing its
reliability and applicability in real-world analyses.
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Automatizing the search for mass resonances using BumpNet

1. Introduction

Despite the success of the Standard Model (SM) in describing elementary particles and their
interactions, it is not yet a complete theory [1]. The search for signals beyond the Standard Model
(BSM) is one of the main research directions at the Large Hadron Collider (LHC) at CERN. However,
only a small fraction of possible final states has been systematically analyzed for new resonances [2].
Despite significant efforts, traditional analysis methods require substantial time and resources, which
limits the number of final states and selections that can be tested.

The Data Directed Paradigm (DDP) [3] is a search strategy designed to efficiently identify
regions of interest in the data. It leverages a theoretically well-established property of the SM
combined with a tool specifically developed to detect deviations from this property. This enables
rapid and systematic exploration of numerous final states and selection criteria in the search for BSM
physics.

In this document, we present BumpNet, a neural network (NN) that extends the DDP. Instead
of requiring explicit background modeling, BumpNet learns from synthetic and simulated data
to predict, for each histogram bin, the statistical significance of a possible excess. This approach
enables large-scale, model-independent resonance searches across thousands of histograms, offering
both speed and sensitivity.

2. Methodology

BumpNet is designed to process invariant-mass histograms and predict the statistical significance
of resonant signals as an excess of events (a bump) based on the likelihood ratio (LR) test. The NN
is trained in a supervised manner using generated training and testing datasets. BumpNet outputs a 𝑧

value for each bin, indicating where and how likely it is that the bin contains a bump.

2.1 Network Architecture

The architecture of the NN is illustrated in figure 1. The input to the network is the bin content
of the histogram, normalized to the range [0,1], in the form of a tensor of dimensions (𝑛𝑏𝑖𝑛𝑠, 1),
where 𝑛𝑏𝑖𝑛𝑠 is the variable number of bins in the invariant mass histogram. This input tensor is
processed in parallel by four convolutional layers with kernel sizes of 3, 9, 15, and 25, enabling the
model to capture features at different scales, from local relationships to broader smoothly falling
background patterns. The outputs from the convolutional stacks are concatenated and combined
with a skip connection from the raw input. The resulting representation of shape (𝑛𝑏𝑖𝑛𝑠, 4 × 64 + 1)
is then fed into a multilayer perceptron (MLP) with three hidden layers (ReLU activations; 128, 64,
and 32 neurons) and a final output layer providing a per-bin significance estimate.

The network is trained using the Adam optimizer [4] to minimize the mean squared error (MSE)
loss function against the true significance derived from likelihood ratio tests.

2.2 Dataset preparation

The training and testing datasets are generated by injecting synthetic Gaussian signals into two
types of background invariant-mass distributions:
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Figure 1: The BumpNet architecture.

• Analytical functions: eleven smoothly falling functions, shown below.

The parameters 𝑎 and 𝑏 are defined such that each curve decays between two points (𝑥1, 𝑦1)
and (𝑥2, 𝑦2), which are randomly selected as the two endpoints of an invariant-mass histogram.

• Simulation-based backgrounds: histograms derived from the Dark Machines (DM)
dataset [5], which models 10 fb−1of LHC collisions at

√
𝑠 = 13 TeV across 26 Standard

Model processes. Each process is weighted according to its cross-section, resulting in a
realistic dataset that simulates data produced at the LHC.

To simulate realistic statistical fluctuations, both the signal and background histograms are
Poisson-fluctuated bin by bin.

2.3 Histogram Processing

The DM dataset provides basic objects such as electrons, muons, photons, and jets. To
approximate realistic LHC analyses, additional objects are constructed from these based on their
kinematic properties. These include leptonic 𝑍 , boosted hadronic 𝑊/𝑍 , boosted tops, and high-mass
jets. Additional kinematic requirements on missing transverse energy (𝐸miss

T ) and leading-object
momentum are imposed, and events are split according to jet multiplicity.

An invariant-mass histogram is created for every combination of at least two objects within
a defined subcategory. The invariant mass is calculated as the magnitude of the sum of the
four-momenta of the selected objects.

Each histogram is then fitted with a 4th-order log-polynomial function, ln 𝑦 =
∑4

𝑛=0 𝑃𝑛𝑥
𝑛, to

create a smooth background histogram, which is refered to the "mother" histogram in later context.
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Rebinning procedures are applied to reflect detector resolution: the bin width scales with the
quadratic sum of individual object resolutions, making signal peaks approximately one bin wide on
the invariant-mass histogram. This ensures BumpNet’s sensitivity to potential narrow resonances
despite varying kinematics.

3. Results

The accuracy of BumpNet’s predicted significance (𝑧pred) is compared to the true significance
(𝑧LR), obtained from the likelihood ratio based on the known background shape of the "mother"
histogram. The difference Δ𝑍max, defined as the difference between the maximum values of
𝑧pred (𝑍pred

max ) and 𝑧LR (𝑍LR
max) within a given histogram, is evaluated.

3.1 Performance over nominal histograms

BumpNet is first validated using the dataset prepared with the same procedures described in
Sections 2.2 and 2.3. The validation histograms are generated using the same "mother" distributions
but were not used during training.

On the synthetic test sets with injected Gaussian signals, the accuracy Δ𝑍max is shown in
Figure 2. For both background shapes generated from analytical functions and those from the DM
dataset, BumpNet achieves unbiased predictions of maximum significance. The spread of Δ𝑍max is
about 0.6–0.7 𝜎, indicating high precision.

To evaluate BumpNet’s ability to generalize to entirely new background shapes, additional tests
are performed with histograms generated from background models not used during training. One
such test uses the ATLAS dilepton resonance search [6]. The background model of this analysis
is used to generate a BumpNet test dataset. Histograms with 98 and 28 bins are produced for
the di-electron and di-muon distributions, respectively. Gaussian signals with a 1-bin width and
statistical significance in the range of 1–10 𝜎 are injected into the fluctuated distributions following
the procedure detailed in Section 2.2. The results are evaluated using Δ𝑍max, and the plot for the
di-electron case is shown in Figure 2. The performance on the di-electron distributions is excellent,
with no bias and small variance in Δ𝑍max. The di-muon case performs slightly worse due to the
smaller number of bins in its histograms.

3.2 Performance over data and data-like signals

BumpNet has been applied both to realistic HEP data in the 𝐻 → 𝛾𝛾 channel and to simulated
BSM signals within the DM framework.

The data points from the 𝐻 → 𝛾𝛾 histogram were extracted from the ATLAS Higgs discovery
paper [7]. The performance of BumpNet’s 𝑧pred is shown in Figure 3, where the Higgs signal is
clearly visible with a predicted significance of 4.5 𝜎, consistent with the published 4.2 𝜎.

For realistic BSM scenarios, a set of benchmark signals has been selected, including 600 GeV
leptoquarks [8], a 50 GeV 𝑍 ′ boson [5], 1 TeV RPV stops [5], and a 1.5 TeV 𝑊 ′ [9]. In all cases,
BumpNet identifies significant bumps at the expected masses. The significance predictions for the
first two signals are shown in Figure 3.

To mitigate the look-elsewhere effect, BumpNet outputs can be combined across statistically
independent histograms. Observing correlated bumps at the same mass in multiple categories
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Figure 2: Distributions of Δ𝑍max as a function of 𝑍LR
max over testing data with backgrounds from (a) analytical

functions and (b) ATLAS di-electron analysis.

(a) 𝐻 → 𝛾𝛾 (b) Two 𝐿𝑄 → 𝑏𝜇 (c) 𝑍 ′ → 𝜇𝜇

Figure 3: BumpNet’s significance prediction over realistic signals.

strongly disfavors random fluctuations. A dedicated Global Analysis Algorithm (GAA) is under
development to quantify global significance across thousands of histograms.

4. Conclusion

BumpNet provides a practical tool for resonance searches at the LHC. Its performance was
benchmarked against that of an ideal analysis using the likelihood ratio test with perfect knowledge
of signal and background shapes. The predictions show negligible to small biases and variance
below 1 𝜎 when tested on both Gaussian-shaped signals and more realistic signals from simulation.
These results validate BumpNet’s adaptability and robustness for challenging analysis scenarios,
highlighting its promise for advancing signal detection in future high-energy physics applications.
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