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Abstract
Dynamic aperture (DA) is a crucial metric for understand-

ing nonlinear beam dynamics and particle stability in circular
accelerators such as the Large Hadron Collider (LHC) and
its future upgrade, the High-Luminosity LHC (HL-LHC).
Traditional methods for DA evaluation are computationally
intensive and require extensive tracking of large particle
ensembles over many turns. Recent advances in machine
learning (ML) have demonstrated that models, particularly
architectures such as Bidirectional Encoder Representations
from Transformers (BERT), can significantly accelerate DA
predictions while achieving accuracies comparable to those
of traditional simulations. In addition, improved uncertainty
quantification techniques have improved the reliability of
these models, providing a foundation for more robust active
learning frameworks. This work presents the latest progress
in DA inference, with a focus on architectural advances, data
set preparation, and optimised training techniques. Applied
to LHC tracking data, these improvements underscore the
importance of high-quality data generation and customised
training strategies to increase model performance and un-
certainty management, paving the way for future HL-LHC
studies.

INTRODUCTION
The dynamic aperture (DA) [1] quantifies the extent of the

stable region of the phase space. It affects critical parameters
such as beam lifetime and luminosity in high-energy accel-
erators, such as the LHC [2] and the HL-LHC [3]. Accurate
DA estimation is essential to optimise machine performance
and guide design decisions for future projects such as the
Future Circular Collider (FCC) [4]. However, its evaluation
is computationally demanding, relying on extensive tracking
simulations across multiple machine configurations.

Standard numerical approaches typically involve tracking
particles over 105 – 106 turns (see, e.g. [5, 6]), incorporat-
ing magnet imperfections and uncertainties through Monte
Carlo methods. However, even these extensive simulations
cover operational timescales significantly shorter than realis-
tic physics runs. For instance, tracking particles for 106 turns
corresponds to merely 89 s of the actual LHC operation time,
whereas the physics fills typically extend for several hours.
This discrepancy has been effectively addressed by propos-
ing scaling laws for the time evolution of the DA [7,8] that

∗ Work supported by the HL-LHC project.

are based on the Nekhoroshev stability time theorem [9]. An
alternative approach consists of looking for faster predictive
models, especially since simulations can grow in complexity
when additional factors are included, such as beam-beam
interactions [10].

Surrogate models that leverage machine learning (ML)
methods have emerged as efficient alternatives for parameter
scans, significantly speeding up DA predictions with reliable
performance [11–13]. However, beyond predictive accuracy,
a critical aspect of ML-based DA modelling is the assess-
ment and management of uncertainty in predictions [14].
Robust uncertainty quantification is essential to establish
confidence in model outputs and optimise active learning
strategies [15] to improve the quality of training data sets.

In this study, we detail recent developments in DA infer-
ence methodologies, focussing on improved model architec-
tures, data preparation strategies, and advanced uncertainty
quantification approaches. We further describe integrating
these enhancements into Kubeflow pipelines [16], which
facilitate greater scalability, adaptability, and automation in
the ML-driven workflow for DA prediction.

METHODOLOGY
Data Generation and Preparation

Numerically evaluating DA is computationally demand-
ing, particularly when considering the full four- or six-
dimensional phase space. As a result, exhaustive sampling
is often impractical. A common alternative is angular sam-
pling [1], where the DA is determined by measuring the
maximum stable radius (from now on called angular DA)
along selected angular directions in the 𝑥 − 𝑦 transverse
plane.

The data set analysed in this work corresponds to a 2024
operational lattice at the LHC at its injection energy of
450 GeV. Simulated configurations were generated using
MAD-X [17,18], and particle tracking was carried out using
XSuite [19]. Each simulated scenario incorporated essential
machine parameters, such as betatron tunes, chromaticities,
strengths of Landau octupoles, and a set of 60 standard mag-
netic error distributions commonly employed in previous
studies. These parameters form the input set for the ML
model. For each lattice configuration, the angular DA was
computed along 44 polar angles. Additionally, the polar
angle and the number of tracked turns were included as
supplementary input, while the computed angular DA rep-



16th International Particle Accelerator Conference, Taipei, Taiwan

JACoW Publishing

ISBN: 978-3-95450-248-6

ISSN: 2673-5490

doi: 10.18429/JACoW-IPAC2025-WEPM062

MC5.D02 Nonlinear Single Particle Dynamics Resonances, Tracking, Higher Order, Dynamic Aperture, Code Developments

2109

WEPM: Wednesday Poster Session: WEPM

WEPM062

Content from this work may be used under the terms of the CC BY 4.0 licence (© 2025). Any distribution of this work must maintain attribution to the author(s), title of the work, publisher, and DOI.



0 2 4 6 8

x [σ]

0

2

4

6

8

y
[σ

]

True angular DA at 105 turns

BERT predicted angular DA

103

104

105

N
u

m
b

er
o
f

T
u

rn
s

Figure 1: Example of angular DA at 105 turns in the 𝑥 − 𝑦
transverse plane for an LHC lattice at injection. The first
unstable particle along a radius marks the angular DA for
the given direction. The BERT prediction is also shown.

resents the prediction target. An illustrative example that
compares numerical angular DA results and predictions from
our BERT-based model is provided in Fig. 1.

Initially, a baseline data set containing 5000 accelerator
configurations was created through a parameter grid search.
Subsequently, this data set was expanded to more than 10,000
configurations using active learning methods [15] that specif-
ically targeted scenarios that exhibit high predictive uncer-
tainty. Data quality was further enhanced through prepro-
cessing steps, such as input parameter standardisation and
balancing the DA distributions. The resulting data set, which
contained approximately 50 million samples, was partitioned
into 80% training, 10% validation, and 10% testing subsets.

Model Architecture and Training
We adopted a transformer-based neural network inspired

by BERT [20] to perform DA predictions, exploiting its
bidirectional self-attention capability to effectively capture
intricate parameter interactions in accelerator data sets. Al-
though BERT was initially proposed for natural language
applications, its structure has proven to be effective in regres-
sion tasks involving complex relations between parameters,
making it suitable for DA prediction starting from lattice
parameters. The implementation contains 12 transformer en-
coder layers, each employing multi-head self-attention with
8 attention heads, followed by a feed-forward layer consisting
of 512 units. To improve generalisation, dropout regulari-
sation (rate of 0.5) and layer normalisation were included.
A global average pooling layer was used to aggregate the
output sequence into a single regression prediction.

The performance of the BERT-based model was bench-
marked against other established neural networks [21] and
our initial Multi Layer Perceptron (MLP) implementation.
All tested architectures were implemented using Tensor-
Flow [22], with optimised ReLU activations and hyperpa-
rameters through random search performed using Keras
Tuner [23]. A schematic diagram illustrating the model
structure is provided in Fig. 2.

Uncertainty Quantification
Uncertainty in ML-based inference arises from various

sources [14], with epistemic uncertainty being particularly
relevant for our case, as it reflects model confidence given
limited training data. Reliable uncertainty estimation is
essential for both guiding active learning strategies and as-
sessing the reliability of DA predictions.

Our initial active learning implementation considered
uncertainty estimates from a baseline Monte Carlo (MC)
dropout [24,25] configuration, where a 0.1 dropout rate was
applied after the first hidden layer during inference, and the
predictions were averaged over 256 stochastic forward passes.
In a recent study [26], we compared different techniques for
estimating epistemic uncertainty on our BERT-based deep
learning model. Specifically, we evaluated MC dropout with
different architectures and dropout rates and bootstrap aggre-
gation (bagging) [27]. Bagging consists in training multiple
models on resampled subsets of the training data and com-
bining their predictions to assess uncertainty. Additionally,
we also introduced a mixed technique that integrates both
methods, where an MC dropout is performed on all networks
obtained from bagging. All of these approaches were tested
on the validation and testing data set, and the logarithm of
the estimated relative error was compared with the actual
relative errors observed in the DA predictions.

Pipeline Integration on Kubeflow
All simulations, machine learning training, and inference

tasks described here were performed using CERN’s GPU
computing resources, with data sets stored and managed on
the EOS storage system [28], suitable for handling large-
scale accelerator data. Although the current infrastructure
effectively supports these operations, further improvements
in flexibility and automation are essential, especially for
retraining and updating models for various LHC, HL-LHC,
and FCC lattice configurations in future optimisation studies.

To address this, we are exploring the integration of
our workflow into Kubeflow, an open source Kubernetes-
based platform designed to automate and scale complex ML
pipelines. Kubeflow allows a streamlined deployment of the
various stages of active learning within a single reproducible
framework. Given Kubeflow’s availability at CERN [16],
our objective is to establish an integrated end-to-end pipeline
capable of efficiently updating and retraining models as new
accelerator configurations are studied and optimised.

RESULTS AND DISCUSSION
The BERT-based neural network demonstrated good pre-

dictive accuracy for dynamic aperture estimation, outper-
forming the baseline MLP architecture, while maintaining
acceptable computational efficiency. Quantitative and visual
evaluations of the model predictions are provided in Table 1
and Fig. 3, respectively.

For uncertainty quantification, MC dropout with opti-
mised architecture and a dropout rate of 0.005 per layer (see
Fig. 2 for dropout layer positions) proved most effective,
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Figure 2: BERT-based ML architecture used for angular DA prediction. The dropout layers are used either in training (T),
in the baseline architecture for uncertainty estimation (B), and/or in the final architecture for uncertainty estimation (F).

offering both accuracy and computational efficiency. The
more expensive MC dropout-bagging method performed
similarly. Results, compared to the previous baseline, are
summarised in Table 2 and Fig. 4, using Pearson correla-
tion, RMSE, and MAPE to assess the agreement between
predicted and true uncertainties (lower values indicate better
performance).

Table 1: Model performance comparison for angular DA
prediction on test data set and inference time for sampling a
full lattice configuration on an NVIDIA V100

Model MAPE RMSE Time
[%] [𝜎] [ms]

MLP (baseline) 18.57 0.621 3
BERT 14.37 0.536 51

Figure 3: Test data set angular DA predictions from BERT
compared with the true values.

CONCLUSION AND OUTLOOK
We presented recent advances in ML-based inference for

dynamic aperture predictions at the LHC, highlighting im-
provements in model architecture, data set preparation, and
uncertainty estimation. The BERT-based neural network
achieved high accuracy without strongly impacting the over-
all computational cost, which is still extremely low compared
to traditional tracking simulations. Uncertainty quantifica-
tion through optimised MC dropout and combined methods
improved the overall estimation, supporting effective active

Table 2: Uncertainty Estimation Performance on Test Data
Set of Different Techniques

Technique Pearson RMSEcorrelation

MC dropout (baseline) 0.381 0.92
Bagging 0.518 0.581
Mixed technique 0.560 0.523
MC dropout (final) 0.579 0.525

Figure 4: Uncertainty estimates of test data set compared
with actual relative error for the baseline MC dropout (top)
and the improved final MC dropout architecture (bottom).

learning. Finally, we presented our ongoing efforts to in-
tegrate the workflow into Kubeflow pipelines to enhance
automation, scalability, and flexibility, laying the essential
groundwork for forthcoming LHC, HL-LHC, and FCC opti-
misation studies.
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