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Abstract

Accurate control of accelerator magnet fields is limited by hysteresis and other
rate-dependent dynamics that are not captured by static current-to-field maps,
which constrains beam quality and operational flexibility. We present a data-driven
approach using transformer-based models for high-precision prediction and control
of magnetic fields in the CERN Super Proton Synchrotron (SPS). The model, pre-
trained on simulated sequences and fine-tuned on magnetic measurements, achieves
prediction accuracy near the field sensor noise floor of 2× 10−5 T across opera-
tional conditions, including sequences not explicitly observed during training. It
has been successfully tested across all standard sequences in accelerator operation,
as well as on magnetic sequences run without the usual energy-intensive magnetic
precycles, significantly improving beam reproducibility, enabling automated feed-
forward control of the main dipole magnets, and reducing energy consumption.
Our results suggest that machine learning models could complement or replace
traditional tabular approaches to accelerator magnet control, providing a practical
route for feedback-free, high-precision control in accelerator operation.

1 Introduction

Particle accelerators employ magnets of various field configurations to control beam position and
transverse distributions, and they require high field quality and reproducibility. Static field models
derived from coil geometry and iron yokes, typically fine-tuned through magnetic measurements,
are well established, and simple lookup tables are used to map excitation current I(t) to magnetic
field B(t). However, magnetic hysteresis in the iron yokes introduces a memory effect in which
the magnetization depends on the excitation history, and this phenomenon lacks a closed-form
description.

In practice, hysteresis is mostly neglected in accelerator control, which constrains allowed cycle
sequences and requires manual tuning whenever the cycle sequences change. The CERN Super
Proton Synchrotron (SPS), which serves both as an injector to the LHC and as a fixed target machine,
requires field reproducibility at the level of 1× 10−5 T. Feedback systems with reference magnets
are available in some accelerators, but they are prohibitively costly, limited in precision, and not
applicable to higher-order fields. The SPS, therefore, relies on precycles to force magnets into
reproducible states. In 2024, precycling accounted for about 20% of beam time and consumed
approximately 5GWh, while still necessitating manual field corrections when sequences are changed
and magnetic history is altered.

This work presents a data-driven alternative in which the magnetic field is forecast from current
sequences with sequence models, and feedforward corrections are applied cycle-by-cycle. We evaluate
encoder-decoder LSTMs [7], attention-augmented variants, and the Temporal Fusion Transformer
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(TFT) [9], and we show that pretraining on simulated hysteresis improves robustness when the model
is fine-tuned on magnetic measurements. Building on earlier work [11, 12], we demonstrate that
transformers achieve reproducible SPS dipole fields even without the use of precycles.

2 Sequence models for hysteresis modeling

While phenomenological hysteresis models do exist, such as the operator-based Preisach [13] and
ODE-based Jiles-Atherton [8] models, they are empirical and not derived from physics. Their
parameters can be adjusted or fitted to data [15] to match measured data under specific excitation
conditions, but are not able to reach the required accuracy below 1×10−4 T, nor reach generalization
requirements for accelerator magnet design and control. We model the magnetic field response
directly from measurement data by treating the relationship between the excitation current and the
field as a time-series forecasting problem, which considers both the current and its historical values..

To address this forecasting challenge, we exploit an online field-measurement system, the B-Train [1],
for the main dipoles. While not used for feedback, the B-Train provides cycle-by-cycle labels with a ≈
5×10−5 T noise floor and 2×10−5 T maximum precision, but can accumulate several 1×10−4 T of
error over long horizons due to flux integration drift. The accelerator logging system [17] continuously
records the current being played and the measured field at 1 kHz for downstream supervised learning.

The task is to forecast B from I as a history-dependent sequence problem by capturing temporal
relations in the measured data. However, unlike traditional hysteresis modeling, the objective is not to
reproduce arbitrary major or minor hysteresis loops, but rather to capture cycle-to-cycle differences
within the same programmed loops, which determine reproducibility in operation. As a result, modern
approaches like using neural operators [2] are not suitable for our application. We therefore adopt
encoder-decoder models, in which the encoder captures past I/B context and the decoder predicts B
from future current I . This approach views field modeling as multivariate time-series forecasting,
accommodating long-range dependencies and high-precision constraints, and focuses on fitting the
data rather than the underlying dynamics directly.

2.1 Architectures for field modeling

The Temporal Fusion Transformer (TFT) represents the state of the art in multivariate time series
forecasting. It combines LSTM backbones with attention mechanisms, gating, and deep feature
mixing. Although our field prediction task does not exploit categorical or static features and relies less
on heavy feature mixing, the TFT provides a high-capacity upper bound for time-series modeling.

As a baseline model, we use an LSTM [7], but implement it as an encoder-decoder (EDLSTM), where
an encoder LSTM takes I/B from the past and produces a hidden state that initializes the decoder.
The decoder then infers the field response from the current. To bridge the gap between the baseline
and TFT, we implement another encoder-decoder LSTM with cross-attention over the encoder and
decoder on the LSTM outputs (ATTNLSTM) before the fully connected layers. Finally, we enrich an
encoder-decoder LSTM with transformer blocks with self-attention in the encoder, and cross attention
to the decoder on each transformer block layer (TFLSTM), similar to the traditional transformer
architecture [16]. For our task, we choose to exploit LSTMs as backbones instead of MLPs due
to their capacity to capture short-range dependencies, while introducing an explicit recursive time
dependency without using positional encodings. To capture global patterns such as hysteresis, we
resort to attention mechanisms like the TFT.

3 Model Training and Finetuning

The training dataset consists of 108 uninterrupted measurement sets, each containing at least one
magnetic sequence change that excites hysteresis, and a single sequence change is reserved for
validation. Signals are low-pass filtered and downsampled by a factor of 20, yielding an effective
sampling interval of 50ms, which allows us to capture transient effects while avoiding aliasing.
After downsampling, the data comprises roughly 41 000 000 training steps and 300 000 validation
steps recorded between 2023 and 2025. Since the SPS operates only about twenty distinct cycle
programs, the validation program also appears in training. Consequently, performance is evaluated
under varying machine conditions rather than through unseen hysteresis loops.
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For supervised training, input samples are drawn with sliding windows, and the maximum context
and prediction horizon are each 1020 steps, covering the longest operational cycle of 20.4 s. To
improve robustness to variable cycle lengths, the model samples random context and horizon lengths
between 180 and 1020 steps. To enable this, inputs use packed sequences with adapted attention
masks during the forward pass, and padded elements are masked during loss computation.

A hyperparameter scan selected a model dimension of 256 with four attention heads for the trans-
former components, corresponding to about 5.5 million parameters for the TFT. The same hidden
size is applied to the LSTM baselines for a fair comparison. Models are trained with AdamW [10]
using a learning rate of 1× 10−4, batch size 64, early stopping on validation error, and regularization
with 20% dropout and weight decay of 1× 10−4.

To increase data diversity and improve robustness, we pre-train the TFT on simulated sequences
generated by a simple Jiles–Atherton hysteresis model [8], extended to include rate-dependent effects.
The simulation parameters are tuned to reproduce the general behavior of iron-yoke magnets and
to match the overall magnitude of hysteresis observed in the magnetic measurements. While these
simulations cannot accurately capture the dynamics of the SPS magnets, they provide a representation
of the underlying hysteretic behaviour and help the model explore a large portion of the target
feature space. Fine-tuning then proceeds in two stages: first unfreezing only the output head until
convergence; then unfreezing the whole network with a reduced learning rate.

4 Quantitative Evaluation and Metrics

Table 1: RMSE calculated between the measured magnetic field from SPS main dipoles and the
hysteresis model predictions with different evaluation methods, including autoregressive (AR), on the
validation and unseen test set.

validation RMSE (10−4 T) test RMSE (10−4 T)
Model Non-cycled Cycled AR Non-cycled Cycled AR

EDLSTM 0.36 0.42 0.42 1.48 1.56 6.01
ATTNLSTM 0.34 0.43 0.46 2.07 1.36 5.70
TFLSTM 0.27 0.38 0.39 1.09 1.27 5.28
TFT 0.42 0.52 0.97 1.53 1.31 5.81
TFT (finetuned) 0.18 0.41 0.55 0.33 0.42 0.46

Table 1 reports RMSE results showing that the TFT with transfer learning achieves the best perfor-
mance across all modes, validating our pre-training approach. We use standard windowed evaluation
with max target length, per-cycle prediction to assess variable sequence lengths, and cycled autore-
gression, where each predicted cycle feeds the next as context.

The encoder–decoder LSTM provides a strong baseline, indicating that much of the field behavior
can already be captured through short-term temporal dependencies. Given that the baseline EDLSTM
with a model dimension of 256 already contains about 2.5 million parameters, a substantial part of the
field patterns is likely memorized directly in the model weights. In fact, even smaller LSTMs with
only a few hundred parameters are able to reproduce the field response within 4× 10−4 T, indicating
that a significant fraction of the behavior can be captured with low-dimensional representations.

Adding attention layers in the ATTNLSTM and TFLSTM further improves performance by enabling
the model to capture long-range dependencies. The fine-tuned TFT combines these advantages by
adding fully connected layers for gating and variable selection, yielding the lowest RMSE across
most modes. On the unseen test set, all models perform worse than on the validation set, yet the
fine-tuned TFT remains below 1× 10−4 T in all modes, and demonstrates model robustness against
error accumulation in autoregressive operation. In practice, we often see even lower errors than the
aggregate RMSE, depending on the rate of change of the magnetic cycle, since errors tend to be
higher during fast ramps. The achieved accuracy approaches the magnetic measurement precision of
2×10−5 T and is sufficient to control the main dipoles for high energy operation, where the tolerance
is 1× 10−4 T.
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Figure 1: Operational sequence changes, with and without field compensation. The metrics show
extracted beam quality via RMSE between normalized measured and reference beam parameters
(lower RMSE indicates better reproducibility) for the SFT cycle. In this case, the cycle is always
pre-cycled to represent current operational conditions. The magnetic sequences are shown at the top.

5 Active Field Compensation in the SPS

A key achievement of this work was demonstrating that such a data-driven model can be used in
practice for active field compensation of the main dipoles in the SPS. Using the model predictions,
we can perform feedforward correction and keep the magnetic field reproducible with respect to a
chosen reference. In practice, the reference is set to the model’s first field prediction, and subsequent
cycles are corrected to match this reference using the model’s prediction of the field.

The model is fully integrated into CERNs accelerator control system [14, 4, 3] hierarchy, and the
control loop can send ∆B corrections for every cycle to be played in the SPS, with a 2500ms
forewarning, and the control system propagates a corresponding ∆I to the power converters. The
inference is done on a single NVIDIA A100 GPU, and runs inference between 100-200 ms per cycle
for the biggest TFT model.

At the time of writing, the compensation is applied to the SPS proton Fixed Target physics cycle
(SFT) at the extraction energy, which is most sensitive to magnetic field changes due to keeping the
accelerator on resonance (required for stable extraction) for roughly 5 s to achieve uniform particle
extractions, occupying 50% of SPS machine time in 2024. In fact, the SFT cycle is the only cycle
in the SPS requiring hysteresis compensation in normal operation. Errors as small as 1 × 10−4 T
already introduce significant perturbations during beam extraction in this cycle, while changes in the
magnetic sequence can introduce deviations up to 4× 10−4 T field error during normal operation.
Figure 1 shows the reproducibility of the beam parameters at extraction on the SFT cycle with and
without field compensation. Reproducibility is quantified as the RMSE between the measured beam
current transformer (BCT) signal and a fixed reference. With field compensation, the magnetic field is
kept stable with respect to the reference below an error tolerance of 5×10−5 T, keeping the extracted
beam parameters reproducibile.

In addition to this short 30-minute test shown in Figure 1, we have successfully performed operational
tests over 36 hours, demonstrating stable autonomous compensation and improved beam quality
over extended periods while being fully transparent to machine operators on shift. By successfully
applying field compensation on this cycle, we demonstrate that our approach significantly improves
existing operation by reducing the need for manual adjustments when switching magnetic sequences,
and enabling more dynamic beam operation.

To improve operational conditions, we have also applied field compensation during SFT cycles
without precycles. Figure 2 shows measured magnetic loops and corresponding predictions, with
conditions showing with and without precycle, and through different excitations of hysteresis. With
the predictions met and downstream feedforward correction applied, the properties of the accelerated
beam closely follow the chosen reference even in the absence of a precycle, suggesting that the
precycle could be eliminated in the future, saving energy.

6 Limitations

The main constraints of our method lie in data coverage and label quality. While large volumes
of accelerator data are available, they overrepresent a small set of standard cycle programs (often
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Figure 2: Hysteresis loops of magnetic cycles used for physics operation in the SPS, with cycles for
accelerating beam to the LHC, the AWAKE [5] and HiRadMat [6] experiments. The insets show the
prediction and ground truth in the critical regions of the Fixed Target SFT beam, with and without
precycle.

with precycles). In contrast, rare conditions such as no-precycle or rapid sequence changes are
underrepresented. This imbalance increases the risk of overfitting in high-capacity models like
TFT, despite their superior performance when sufficient data is available. While transfer learning
with the TFT improves convergence and robustness, its benefit depends on the alignment between
simulated and measured sequences, and the remaining gains largely reflect higher capacity rather than
interpretability. In the current SPS operation, which uses a discrete set of sequences, memorizing
these patterns still enables operationally sound predictions. However, it limits the ability to generalize
to unseen programs.

The method is inherently data-dependent and relies on high-precision magnetic field measurements,
where the prediction accuracy must approach the precision of the data itself over long horizons.
The only practical path to higher accuracy is to improve the quality of field measurements, which
is highly challenging. The magnetic field is obtained by integrating the induced voltage; even a
small bias of µV in the sampled signal accumulates over time, producing an integrated voltage drift.
Currently, it is not possible to achieve the required precision of 1× 10−5 T under pulsed conditions
on the measurement bench, unlike in static measurements at a constant field. While pre-training on
simulated data partially addresses the limited variety of measured cycles, enhancing data precision
is currently more important than increasing data diversity. Enhancing field measurements is crucial
for improving model performance and reproducibility, beyond what architectural changes alone can
achieve.

7 Conclusions

This study demonstrates data-driven, feedback-free magnetic field compensation in the SPS using
advanced attention-based sequence models. It demonstrates that pretraining on simulated hysteresis
effectively accelerates convergence and enhances robustness when fine-tuned on actual measurements.
The same method can be retrained or fine-tuned using field measurements from different magnet
families. Quadrupoles exhibit an excitation pattern similar to that of dipoles, which enables the
utilization of existing models as a basis for transfer learning. In contrast, sextupoles and octupoles
may necessitate additional modifications to ensure optimal performance.

Operationally, this approach eliminates the need for manual corrections after magnetic sequence
changes, improves reproducibility across cycles, and reduces reliance on precycles, with potential
extension beyond dipoles. While further accuracy gains are primarily limited by data quality and
coverage rather than model capacity, transfer learning offers a practical route to adapt these models
to other magnet families such as quadrupole and sextupole circuits, and to additional accelerators.
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