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Abstract
Turn-by-turn (TbT) BPM data in the LHC is often af-

fected by noise, limiting the extraction of resonant driving
terms (RDTs) and reducing the precision of nonlinear optics
studies. We developed a denoising autoencoder trained on
simulated tracking data to reconstruct clean transverse oscil-
lations and suppress noise directly in the time domain. The
method produces cleaner frequency spectra and significantly
improves RDT visibility compared to established methods
such as singular value decomposition, even when trained on
fewer turns. In its current form, the autoencoder performs
well on data that resemble the training set. However, when
applied to new conditions such as different noise levels, ex-
citation amplitudes, tunes, or beam configurations, its ability
to generalise decreases. These results demonstrate that au-
toencoders can substantially improve TbT data quality in
specific conditions. Establishing broader and more diverse
training datasets is a promising next step toward applying
this technique to real LHC measurements.

INTRODUCTION
During LHC commissioning, linear and nonlinear cor-

rections are required to maximise beam lifetime and lumin-
osity [1]. Resonances from horizontal and vertical tune
combinations, (𝑗 − 𝑘)𝑄𝑥 + (𝑙 − 𝑚)𝑄𝑦, are characterised by
resonant driving terms (RDTs) 𝑓𝑗𝑘𝑙𝑚, making RDTs useful
diagnostics for nonlinear errors [2–4]. They are inferred
from AC-dipole-excited turn-by-turn (TbT) beam position
monitor (BPM) data, so reconstruction quality depends dir-
ectly on the TbT signal quality.

The standard cleaning strategy is singular value decom-
position (SVD) [5]. SVD is attractive because it is compu-
tationally efficient and effective at removing uncorrelated
noise, as demonstrated in [6]. However, it can also suppress
important spectral content across all BPMs, which limits
RDT reconstruction precision [7].

Autoencoders are widely used for dimensionality reduc-
tion and denoising [8], similar to SVD. By learning a com-
pact latent representation and reconstructing the input, they
can capture underlying structure while filtering noise. For
TbT data, this could improve weak spectral-line visibility
for RDT analysis.

We first demonstrate how SVD can remove spatial RDT
information in simulated LHC TbT data, then present the
convolutional autoencoder and compare both methods in
terms of spectral visibility, RDT reconstruction, and gener-
alisation.
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SVD EFFECT ON RDT RECONSTRUCTION
LHC simulation data are generated by tracking with

Xsuite [9] for 1000 turns, then artificial Gaussian noise is
added. For frequency analysis, the TbT matrix is decom-
posed with SVD and the first 12 singular values are retained,
a common choice for LHC TbT data [10]. An RFFT is then
applied to the cleaned data [10]. From the resulting spectral
amplitudes and phases, RDTs are reconstructed [3].

To reduce complexity, the simulation used fixed initial
coordinates rather than an AC dipole, giving a maximum
physical peak-to-peak amplitude of 2 mm.

The chosen scenario is the LHC ring at 6800 GeV, with
tunes 𝑄𝑥 = 0.28 and 𝑄𝑦 = 0.31, and 𝛽∗ = 0.3 m. Although
typical LHC BPM noise is around 100 𝜇m, we use 500 𝜇m
for an oscillation spanning about -1 mm to 1 mm to high-
light the negative impacts of SVD cleaning. The analysis is
therefore framed by spectral signal-to-noise ratio (SNR), the
usual figure of merit for RDT reconstruction quality [11].

The RDTs 𝑓3000 and 𝑓0111 were selected because they
are the dominant RDTs in this scenario for their respect-
ive planes. Figure 1 shows that these frequencies remain
clearly visible after SVD cleaning in the spectrum. However,
the reconstructed RDTs along the ring in Fig. 2 show that
local RDT information is almost entirely lost. Instead, the
signal is driven toward the ring-average RDT value. This
removes local diagnostic information, although the average
RDT value is still recovered. Consequently, analyses that
rely only on ring-averaged RDT values are much less af-
fected by SVD cleaning [4, 11].

Figure 1: Effect of SVD cleaning on spectral content. Av-
erage frequency spectra: raw noisy signal, SVD-cleaned
signal, and the no-noise reference.

This loss of local RDT information limits nonlinear-error
localisation and motivates denoising methods that preserve
local spectral structure.

AUTOENCODER METHOD
Model Architecture and Training

To address this limitation, we use a convolutional autoen-
coder family implemented in PyTorch and PyTorch Light-
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Figure 2: Effect of SVD cleaning on RDT reconstruction.

ning [12, 13]. The current configuration is a fixed-depth
U-Net variant [14], chosen for its encoder–decoder structure
with skip connections, which captures multi-scale dynamics
while preserving local turn-by-turn oscillation information.

Clean targets are generated with Xsuite tracking [9]
(without AC dipole) from an LHC beam 1 model at 6.8 TeV.
Two tune pairs were chosen, (𝑄𝑥, 𝑄𝑦) = (0.28, 0.31) and
(0.31, 0.32), corresponding to typical injection and collision
tunes, each tracked for 6600 turns. The 𝑥 and 𝑦 planes are
normalised by √𝛽𝑥,𝑦 from the Twiss functions [15], min–
max scaled to [−1, 1], and split into 1000-turn windows with
seeded random offsets.

Noisy inputs are created on the fly by adding independent
Gaussian noise per BPM and turn, with amplitudes from
900 𝜇m to 10 𝜇m equivalent, to help the model distinguish
features from noise. A total of 200 samples are split 80/20
into train/validation sets. Horizontal and vertical samples
are processed separately by the same U-Net with shared
weights. The loss combines time-domain reconstruction
and spectral similarity (MSE+SSP), and optimisation uses
AdamW [16] with a learning-rate scheduler.

Training used a single NVIDIA T4 GPU for approximately
seven days with batch size 20. The model had not fully
converged, so the results represent a still-improving model
rather than a final optimum. Model size was kept modest to
reduce overfitting risk, but larger models may be required
once more working points are included.

Loss Definition
Let 𝑦 denote the clean target and ̂𝑦 the model output.
The baseline objective is the mean-squared error (MSE),

ℒMSE = 1
𝑁 ∑

𝑖
( ̂𝑦𝑖 − 𝑦𝑖)2. (1)

To better preserve spectral content, the Surface Similar-
ity Parameter [17] (SSP) is used, a frequency based loss
function,

ℒSSP = ‖ℱ( ̂𝑦) − ℱ(𝑦)‖2
‖ℱ( ̂𝑦)‖2 + ‖ℱ(𝑦)‖2 + 𝜖, (2)

where ℱ(⋅) denotes the Fourier transform, 𝜖 is a small non-
zero constant and ‖ℱ‖2 describes the Euclidean norm on
ℱ.

The mixed objective is therefore used,

ℒtotal = 𝛼 ℒMSE + (1 − 𝛼) ℒSSP. (3)

MSE penalises phase shifts and encourages denoising
across all turns, rather than neglecting turns that are less
important for frequency reconstruction. SSP better preserves
spectral phase and amplitude at increased computational
cost.

AUTOENCODER PERFORMANCE
We compare SVD-cleaned data with autoencoder-

denoised data using spectra and reconstructed RDTs. The
autoencoder is trained only on 1000-turn samples but tested
on 6600-turn data, where performance remains comparable.

Figure 3: Frequency-domain comparison between SVD
cleaning and autoencoder denoising for a model with tunes
(0.28, 0.31).

In Fig. 3, the autoencoder removes more broadband noise
than SVD around the RDT lines, but also introduces artefacts
from attempting to predict resonances with limited capacity.

Figure 4: RDT reconstruction comparison after SVD clean-
ing and autoencoder denoising.

The autoencoder improves the reconstructed 𝑓3000 spatial
structure, while the visual improvement for 𝑓0111 is less
apparent. To quantify this, the average relative complex
error is computed across all BPMs as

𝜖𝑓 = 1
𝑁

𝑁
∑
𝑖=1

∣
𝑓 reconstructed
𝑖 − 𝑓 no noise

𝑖
|𝑓 no noise

𝑖 |
∣ . (4)

The resulting values are shown in Table 1, where smaller
values indicate better RDT reconstruction.

Both methods reduce 𝜖𝑓 relative to the noisy case. The
autoencoder gives the lowest error for 𝑓3000, while SVD is
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Table 1: Average Relative Complex Error 𝜖𝑓 for RDT Re-
construction.

RDT Noisy SVD Autoencoder
𝑓3000 46.3 29.1 11.7
𝑓0111 165 75.5 77.3

slightly lower for 𝑓0111. However, the 𝑓0111 phase follows the
no-noise reference more closely after autoencoder denoising,
even though the amplitude in Fig. 4 appears less accurate.

GENERALISATION LIMITS
The current autoencoder was trained on four spectra and

can outperform SVD in these in-distribution cases. With
around 190 thousand parameters and over 14 million target
data points, the network appears to learn structural features
rather than memorise data. However, incomplete conver-
gence and phantom FFT peaks indicate limited capacity;
larger models may be needed for robust operation. Owing
to its convolutional structure, the model can be trained on
shorter turn windows and applied to full 6600-turn measure-
ments.

When very low-noise data were included in training, the
autoencoder struggled to reproduce RDTs at any noise level.
This suggests that it learns features of both signal and noise
rather than directly reproducing spectra, so training on real
data or more realistic noise simulations will be important.

No evaluation on real measurement data has been per-
formed yet. Figure 5 shows a tune setup slightly outside the
training distribution. The tune is reconstructed accurately,
suggesting some adaptability, but some resonance lines are
missing and extra peaks are introduced, indicating that addi-
tional training and/or capacity is required.

Figure 5: Frequency-domain comparison between SVD
cleaning and autoencoder denoising for model with tunes
(0.27, 0.322).

This behaviour reflects a known limitation of supervised
denoisers trained on finite distributions [18]. SVD remains
a strong operational baseline because it requires no training.
To make the autoencoder viable, training must cover more
conditions (tunes, resonance regimes, AC-dipole excitation),
and unsupervised approaches without clean targets should
be investigated for real-world performance [18]. Validation
on real measurements is then needed to assess generalisation
beyond simulation.

CONCLUSION
This work benchmarks autoencoder-based denoising for

LHC TbT data against SVD at both signal and physics-
analysis levels. The main finding is regime dependence:
SVD remains robust and simple, while the autoencoder can
improve RDT reconstruction when test conditions are repres-
ented in training. Generalisation beyond the training domain
remains the main limitation, requiring broader training cov-
erage and validation on real measurements.
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AUTOENCODER ARCHITECTURE
The network is a compact U-Net-like convolutional

autoencoder. It maps a single-channel input of shape
(𝐵, 1, 559, 1000) to an output of the same shape, using four
encoder levels, a bottleneck, and four mirrored decoder
levels. Skip connections pass same-resolution features from
the encoder to the decoder, helping preserve local BPM and
turn information while the bottleneck encourages denoising.

Figure 6: Slimmed layer-wise representation of the fixed-
depth U-Net used for TbT denoising. The numbers under-
neath the labels describe the dimensions as batch (b), chan-
nel, number of BPMs, turns.
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