
Mach. Learn.: Sci. Technol. 7 (2026) 015023 https://doi.org/10.1088/2632-2153/ae393d

OPEN ACCESS

RECEIVED

28 October 2025

REVISED

15 December 2025

ACCEPTED FOR PUBLICATION

15 January 2026

PUBLISHED

2 February 2026

Original content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

PAPER

Patch-MLP-based predictive control: simulation of upstream
pointing stabilization for PHELIX laser system
Jiaying Wang1,∗, Jonas Benjamin Ohland2, Yen-Yu Chang3, Vedhas Pandit1, Stefan Bock1,
Andrew-Hiroaki Okukura4,5,6, Udo Eisenbarth2, Arie Irman1, Michael Bussmann1,
Ulrich Schramm1,7 and Jeffrey Kelling1,8
1 Helmholtz-Zentrum Dresden-Rossendorf, Dresden, Germany
2 GSI Helmholtzzentrum für Schwerionenforschung, Darmstadt, Germany
3 Amplitude laser group—Dresden operations, Dresden, Germany
4 Extreme Light Infrastructure—Nuclear Physics, National Institute for Physics and Nuclear Engineering, Ilfov, Romania
5 University of Bucharest, Ilfov, Romania
6 Engineering and Applications of Lasers and Accelerators Doctoral School (SDIALA), National University of Science and Technology
Politehnica of Bucharest, Bucharest RO-060042, Romania

7 Technische Universität Dresden, Dresden, Germany
8 Chemnitz University of Technology, Chemnitz, Germany
∗ Author to whom any correspondence should be addressed.

E-mail: j.wang@hzdr.de

Keywords: high-power laser stabilization, beam pointing jitter, predictive control, patch-based multilayer perceptron,
PHELIX laser system

Supplementary material for this article is available online

Abstract
High-energy laser facilities such as PHELIX at GSI require excellent beam pointing stability for
reproducibility and relative independence for future experiments. Beam pointing stability has been
traditionally achieved using simple proportional-integral-derivative (PID) control which removes
the problem of slow drift, but is limited because of the time delay in knowing the diagnosis and the
inertia in the mechanical system associated with mirrors. In this work, we introduce a predictive
control strategy where the forecasting of beam pointing errors is performed by a patch-based mul-
tilayer perceptron designed to capture local temporal patterns for more robust short-term jitter
prediction. The subsequent conversion of these predicted errors into correction signals is handled
by a PID controller. The neural network has been trained on diagnostic time-series data to pre-
dict beam pointing error. Using the hybrid predictive-feedback controller compensates for sys-
tem delays. Simulations with a correction mirror placed upstream of the PHELIX pre-amplifier
bridge confirm that the predictive control scheme reduces residual jitter compared to conventional
PID control. In our simulations, over a 10 h dataset the controller maintained stable performance
without drift, while standard pointing metrics showed consistent improvements of the order of
10%–20%. The predictive controller operates without drift, and therefore may improve reprodu-
cibility and operational efficiency in high energy, low repetition rate laser experiment conditions.

1. Introduction

High-power laser facilities have become essential for advancing research in high-energy-density physics,
plasma acceleration, and extreme states of matter [1, 2]. Systems such as PHELIX at GSI and BELLA at
LBNL demand exceptional beam quality and stability to ensure reproducibility in applications ranging
from laser-plasma acceleration to warm dense matter studies [1, 3]. Within such facilities, even small
mechanical vibrations or thermal drifts can be transmitted through structural components of the beam-
line, making laser pointing highly sensitive to environmental disturbances. This directly impacts experi-
ments with very small targets, such as wire irradiation [4], where micrometer-scale displacements already
reduce reproducibility. Furthermore, pointing instabilities degrade the performance of beam correction
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Figure 1. Simplified layout of the PHELIX [1] laser system highlighting the dominant source of pointing jitter (pre-amplifier
bridge) and the location of the pointing measurement (main amplifier sensor, MAS). These positions provide the physical back-
ground for the simulation study presented in this work.

systems: once steep focusing optics are introduced-such as the final focusing element or the petawatt tar-
get area sensor at PHELIX which includes an off-axis parabolic telescope [5]- pointing errors are effect-
ively converted into higher-order aberrations, including astigmatism. As a result, beam jitter constitutes a
fundamental limitation to attainable beam quality and downstream experimental reliability [1, 6, 7].

Mitigation strategies, such as active pointing stabilization with fast steering mirrors, are theoretic-
ally most effective when applied as close as possible to the source of jitter, since compensation in dif-
ferent image planes inevitably introduces near field shifts. Nevertheless, deliberate pre-compensation
earlier in the beamline is often practiced, as the inertia of larger steering mirrors limits their mechanical
response and makes fast correction impractical with conventional controllers [1]. Conventional stabil-
ization schemes rely on proportional-integral-derivative (PID) control loops, which are well established
in engineering practice and effective at suppressing slow drifts and low-frequency disturbances [8, 9].
However, PID control inherently acts reactively on past or present errors, and its bandwidth is funda-
mentally limited by the inertia of large correction optics [6, 10]. As a result, high-frequency disturbances
in the tens to hundreds of Hz range remain only partially compensated [11, 12]. This leads to residual
pointing instabilities that exceed the stringent tolerances required for applications such as laser-plasma
accelerators or ion-beam coupling experiments [13, 14].

In the case of the PHELIX laser at GSI, the pre-amplifier bridge (see figure 1) is the dominant source
of pointing jitter due to vibrations in the ground. Pointing is routinely diagnosed downstream at the
main amplifier sensor (MAS), which includes a fast wavefront sensor located after the main amplifier
chain. These two locations define the physical background for the present simulation study: while the
MAS provides the experimental reference point for pointing stability, the pre-amplifier bridge represents
the most relevant source of perturbations where an active correction mirror could in principle be intro-
duced in the future.

In this work, we introduce a new machine-learning-enhanced control strategy that integrates predict-
ive modeling with PID feedback. By training a MLP on time sequences of diagnostic signals, the con-
troller is able to forecast future pointing errors and provide the PID loop with a preemptive correction
signal. This predictive capability transforms the inherently lagging behavior of conventional PID into
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Figure 2.Workflow of the Hybrid predictive-feedback MLP-Driven PID and Traditional PID Control. The inset shows the step-
response of the steering mirror model used in our simulation.

a forward-looking control scheme, effectively extending the usable bandwidth beyond hardware limita-
tions. As we will demonstrate through numerical simulations and experimental data analysis, the MLP-
driven PID maintains stable performance over a 10 h dataset, achieving reductions of 17%–20% in root-
mean-square (RMS) pointing error, 10%–13% in peak-to-valley (P2V), and 18%–21% in full width at
half maximum (FWHM). These results directly characterize the long-term stability of the method and
underline its potential for improving reproducibility in high-power, low-repetition-rate laser systems.

2. Methodology

2.1. Workflow of the simulation
PID control continues to be one of the most extensively implemented strategies in precision engineering
and laser stabilization systems. The discrete-time PID controller can be expressed as follows:

u [k] = Kp e [k] +Ki

k∑
i=0

e [i] +Kd
e [k]− e [k− 1]

Ts
(1)

where these three parameters (Kp,Ki,Kd) can be adjusted.
Within high-energy laser systems, PID controllers are routinely used to drive corrective tip-tilt mir-

rors to reduce slow drifts of the laser beam position that originate from thermal gradients, air turbu-
lence, or gradual mechanical deformation. Such controllers are very efficient at attenuating long-term
pointing drifts and very low-frequency fluctuations (<1Hz) [6, 15, 16], which helps maintain stable
beam delivery to the target. However, their performance is inherently restricted by the inertia and lim-
ited bandwidth of the mirror, especially if larger and thus heavier mirrors are used (e.g. 4 inch dia-
meter), which limits their ability to suppress higher-frequency jitter components (>10–20Hz) [6, 16].

As illustrated in figure 2, we present a hybrid predictive-feedback control scheme that combines an
MLP time-series forecaster with a traditional PID controller to realize predictive beam pointing stabiliza-
tion. The predicted positions are then converted into commands for a tip-tilt mirror at the pre-Amplifier
bridge.

As shown in figure 2, we use a second-order damped transfer function to represent the piezo-
actuated tip-tilt mirror. The dynamics of the piezo-actuated tip-tilt mirror are approximated by a
second-order mass-spring-damper system, as the relatively large mirror (e.g. 4 inch) mass dominates
the response. This results in a single resonance mode that captures the essential dynamics, while higher-
order modes of the piezo actuator are considered negligible within the operating frequency range. This
lets us describe how its mechanical behavior affects the correction performance during simulation. The
transfer function in Laplace space given by G(s) = ω2

n/(s
2 + 2ζωns+ω2

n). ωn = 2π f denotes the natural
angular frequency of the mirror, where f = 200Hz, and ζ = 0.35 is the damping ratio. The parameter
values were chosen as a pragmatic approximation for a large 4 inch tip/tilt mirror, based on extrapola-
tions from the PI S-340 datasheet towards heavier mirrors, sufficient for a demonstration model [17].
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Figure 3. Patch-based MLP Architecture for Two-Axis Beam Pointing Prediction.

The simulated compensation value is superimposed on the measured laser beam center position to
obtain the simulated corrected trajectory. An important point here is that the traditional PID approach
introduces a system delay of 0.6ms, chosen in analogy to the latency reported for the Apollon ARTAO
system [18]. In contrast, our new method applies the predicted correction in advance, making the
response delay-free.

2.2. PatchMLP
Machine learning is a time-series forecasting method to predict the future behavior of a dynamical
system. It has been applied in diverse fields such as finance, climate modeling, and industrial pro-
cess control. Recently, it has been demonstrated that deep learning models can accurately predict the
center position of a laser beam. These studies [16, 19] imply that the prediction time only needs to
cover the model computation time and the optical system delay (dominated by the latency of the
driver) [18]. Therefore, aiming for short prediction intervals, we employed a relatively lightweight
architecture-an MLP-which provides sufficient predictive capability while maintaining low computa-
tional time. Transformer-based architectures are avoided because they are computationally more expens-
ive, and recent studies show that their permutation-invariant self-attention fails to reliably capture tem-
poral order in physical time-series, while simpler models often achieve equal or better short-horizon
performance [20].

To further improve accuracy, a Patch MLP [21] was adopted: the input sequence is divided into
fixed-length patches, and by adjusting the patch size, the model can be tuned to better capture the fre-
quency components most relevant for beam jitter prediction.

Input and Preprocessing
As shown in figure 3, We use a sliding window of length N = 2000 composed of two channels (hori-

zontal xi and vertical yi pointing), arranged as

X=

[
x1 x2 · · · x2000
y1 y2 · · · y2000

]
∈ R2×N. (2)

Before being fed into the network, the input is normalized to [0,1] using min–max scaling.

Patch Partitioning and Embedding The sequence is divided into M= N/P non-overlapping patches of
length 2P= 200. Each patch is flattened into a vector:

pi = vec(X [:,(i− 1)P+ 1 : iP]) ∈ R2P, i = 1, . . . ,M. (3)

A linear projection maps every patch to a d-dimensional embedding (d= 256):

z(0)i =Wepi + be ∈ Rd, i = 1, . . . ,M. (4)

Feature Concatenation andMLP
Patch embeddings are concatenated into a global representation:

h(0) = concat
(
z(0)1 , . . . ,z(0)M

)
∈ RM·d. (5)

The vector h(0) is processed by a MLP with ReLU activations:

h(1) = σ
(
W1h

(0) + b1
)
, h(1) ∈ R512, (6)
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h(2) = σ
(
W2h

(1) + b2
)
, h(2) ∈ R128, (7)

ŷ=W3h
(2) + b3, ŷ ∈ R2. (8)

The final output ŷ= [ x̂, ŷ ]⊤ represents the predicted horizontal and vertical beam positions at a future
time step.

Loss function The model is trained to minimize the mean-squared error (MSE) between the normalized
prediction and the ground-truth coordinates (x, y) at an prediction offset of ∆= 5 points. For a mini-
batch {(X(b),y(b))}Bb=1, with ŷ

(b) ∈ R2 and y(b) ∈ R2 (both after min–max scaling), the loss is:

LMSE =
1

B

B∑
b=1

∥∥∥ŷ(b) − y(b)∥∥∥2
2

where B is the mini-batch size, and y(b) = (x(b),y(b)) contains the ground-truth future coordinates and
ŷ(b) denotes the model prediction.

The two axes are equally weighted. During evaluation, predictions are inverse-scaled with the training
min-max parameters to restore their physical units before computing metrics.

Sliding-window prediction during inference, the input window is advanced by one sample at each step,
producing a continuous stream of predictions:

fθ : R2×2000 → R2, ŷt+∆ = fθ(Xt:t+N−1) , (9)

where θ denotes all trainable parameters. We use time-series data acquired by the PHELIX MAS [1]
with a sampling interval of Ts = 0.244ms (sampling period). To account for both the per-step inference
time of the model and the system latency, we set the prediction offset to ∆= 5 points, i.e. a horizon of
∆Ts ≈ 1.22ms, chosen according to ∆>

⌈
(Tmodel +Tsys)/Ts

⌉
. Predictions at offset ∆ are then used for

compensation.

3. Simulation results and discussion

Before presenting the results, we briefly summarize the training procedure. The patch-based multilayer
perceptron (Patch-MLP) forecaster, with about 2× 106 trainable parameters, was trained on one minute
of time-series data sampled at Ts = 0.244ms (yielding ∼ 2.4× 105 samples). The first 80% of this
sequence was used for training and the remaining 20% for validation, ensuring a temporally consistent
split without information leakage. The model was trained for 50 epochs, which took about three minutes
of wall-clock time on two NVIDIA V100 GPUs.

3.1. Comparison of simulation results after compensation
Simulation results, presented in figure 4. The blue trace shows the uncontrolled signal; the orange trace
is the output under a traditional PID controller with a 0.6ms delay time; the green trace is the proposed
MLP-driven PID that uses a prediction offset of ∆= 5 points (≈ 1.22ms) to apply zero-delay correc-
tions. Both controllers markedly reduce the amplitude envelope compared with the real signal. And the
proposed MLP-driven PID controller has better performance throughout the entire one-minute data.

Figure 5(a) shows the improvement in laser pointing stability brought about by the new method on
the same one-minute dataset as used in figure 4, recorded two hours and 15 min after the training data.
Under the control of the new method, the distribution of the laser beam center point is more concen-
trated in both the x-axis and the y-axis compared to the traditional PID method.

The MLP-driven PID (green) achieves a clear advantage below 60Hz, not through a uniform reduc-
tion over the entire band, but through a pronounced suppression of the dominant residual peaks that
remain under conventional PID control on both axes (figure 5(b)). The improvement arises from the
prediction offset (∆= 5 samples ≈ 1.22 ms), which compensates for loop and mirror delays and reduces
the phase lag that constrains a feedback-only PID in this frequency band. Consequently, while the con-
ventional loop cannot fully attenuate the sub-60Hz content, the predictive method achieves markedly
lower residual amplitudes. A comparison of cumulative RMS of feedback-only PID and MLP-driven PID
can be found in the supplementary data.
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Figure 4. One-minute beam-center trajectories (X and Y): real signal vs simulated traditional PID (0.6ms delay) vs simulated
MLP-driven PID.

Figure 5. Comparison of simulated beam stabilization: (a) beam-center distribution and (b) power spectral density.

In summary, the proposed MLP-driven PID consistently outperforms the traditional PID: the beam-
center distribution is the tightest, the time traces show the smallest residual band without drift, and
the PSD shows a uniformly lower broadband floor-most notably below 60Hz, where the traditional
PID leaves significant residuals-without inducing oscillations, indicating compatibility with the mirror
dynamics. Motivated by these short-term gains, we next examine long-term stability over extended runs.

3.2. Model stability
For the long-term simulation, a single model was trained on one 1min MAS segment and then kept
fixed. The model was applied to all subsequent data collected over ∼ 10 h. Acquisition was intermit-
tent rather than strictly periodic: most intervals were 5min, with occasional 10min gaps. In total, 110
valid 1min segments were obtained and used for evaluation. For each segment, predictions were gener-
ated and converted into simulated corrections following the procedure described above. The one-minute
training segment and the 10 h test dataset are fully disjoint, with the latter taken after the training data
on the same day. No test-set information was used for model training, and no hyperparameter tuning
was performed on the test data. All hyperparameters were fixed before evaluation, and the trained model
was applied to the 10 h dataset without further adjustment.

6
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Figure 6. Average percentage reduction of residuals (MLP-driven PID vs. traditional PID) over the 10 h simulated test. Positive
values indicate lower residuals with the MLP-driven controller.

Table 1. Average relative improvement of the jitter reduction of the MLP-driven PID compared to the traditional PID, calculated by
equation (13).

RMS P2V FWHM

X direction 17.2% 10.8% 18.2%
Y direction 20.1% 12.5% 21.4%

As illustrated in figure 6, we quantify performance using three dimensionless gain metrics—RMS,
P2V, and FWHM each defined as the ratio of the compensated residual to the original value, with values
< 1 indicating improvement.

G(a)
RMS =

RMS(a)comp

RMS(a)orig

, (10)

G(a)
P2V =

P2V(a)
comp

P2V(a)
orig

, (11)

G(a)
FWHM =

FWHM(a)
comp

FWHM(a)
orig

, (12)

Reduction (%) =
GTraditionalPID −GMLP-drivenPID

GTraditionalPID
× 100%. (13)

Result assessment across the 110 one-minute segments (∼10h), the MLP-driven PID consistently out-
performs the traditional PID. The per-segment gain curves (figure 6) show the MLP-driven PID traces
lying mostly below the traditional PID ones (smaller is better) with no upward drift, indicating stable
performance without degradation over time. As shown in table 1, averaged over all segments, the per-
centage reductions (MLP-driven PID vs. Traditional PID) are about 10%–20%.
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Figure 7. Fourier comparison of failure segments and training data.

Failure cases Occasional segments where the MLP-driven PID is worse (circled) are rare and typically
coincide with outlier excursions that affect P2V. In a few minute-long segments we observe a simultan-
eous degradation of all three metrics (RMS, P2V, and FWHM), indicating a short-term failure of the
predictive method.

Figure 7 compares the fast Fourier transform spectra of a 1min segment of x-axis data with the
training set. A distinct peak emerges around 67.7Hz, which is absent in both the training data and
the well-predicted segments but consistently present in all minute-long intervals with degraded predic-
tions. We therefore attribute this previously unseen spectral component as the likely cause of the model’s
reduced prediction performance. We hypothesize that long-range motion of a gantry present near the
laser system or other new external vibration sources introduced additional vibration modes, leading to a
distribution shift and reduced prediction accuracy. This interpretation requires confirmation in dedicated
subsequent experiments.

Overall, the predictive controller yields lower variance and a narrower distribution of the beam cen-
ter on both axes, with no signs of drift across 10 h. Because the model can be retrained within only
a few minutes using approximately one minute of newly acquired data, it would also be straightfor-
ward to update the model should longer-term drift occur. In future work, the prediction accuracy could
be further improved by distinguishing different classes of environmental vibration sources based on
downstream experimental requirements, allowing the model to focus on the most relevant disturbance
components.

4. Conclusion

This work illustrates the use of predictive control with a Patch-MLP forecaster to expand available
PID-based laser pointing stabilization bandwidth. This method operates by predicting which future
errors are most likely and applying a correction without time delays to the laser output. The forecaster
routinely outperforms standard PID for RMS, P2V, and FWHM residuals during both short-term and
long-term reporting. We show that the results are steady and repeatable, even after analyzing ∼10 h
of data. Occasionally, failures can be assigned to spectral components not present in the training data.
Importantly, the approach requires only moderate data acquisition and training time, and the model can
be automatically re-trained if system behavior changes between days or experimental beamtimes. Overall,
we have shown that MLP-driven PID stabilization suggests a way forward for reliable upstream stabiliza-
tion in such high-energy laser facilities as PHELIX.

The feasibility of deploying this method in a real-time system appears fundamentally sound, provided
that several practical aspects are addressed. The required fast steering mirror is standard control hard-
ware and can be procured off the shelf. The only missing component is an experimental characterization
of a steering-mirror assembly of the necessary size. Our second-order actuator model, extrapolated from
datasheet specifications (mirror mass and drive force), suggests comparable dynamic timescales once
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such a unit is characterized. The latency budget assumed in this study follows prior AO work at Apollon
[18], where high-speed wavefront sensing and a real-time computer operated at the relevant bandwidths;
a similar platform already exists at PHELIX and can be extended in both software and hardware, with
the sole structural addition being the inference latency, currently estimated at ∼ 0.3ms, which combined
with the ∼ 0.6ms system delay remains well within the prediction capabilities of the model. A more fun-
damental integration challenge arises from the fact that the model assumes direct access to the raw per-
turbed tip/tilt signal, whereas in most laser systems the diagnostic sensor is located downstream of the
steering mirror. This can be addressed either through an open-loop scheme-placing the sensor upstream
of the actuator but downstream of the jitter source, supported by an accurate dynamical model of the
mirror and optionally a secondary sensor for tuning-or through a pseudo-open-loop architecture that
reconstructs the undisturbed input from corrected measurements and historical mirror commands using
the actuator model, the latter offering greater generality at the cost of increased control-design com-
plexity. Finally, an experimental evaluation path is available through the ALADIN project (funded by
the German BMFRT), which is establishing the LAOTSE beam-control test bench at PHELIX, provid-
ing a suitable environment for realistic real-time performance assessment once the required hardware
is in place.
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ory under the Creative Commons Attribution 4.0 International (CC BY 4.0) license.
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ponding timestamps. The first file is used for training, and the remaining 110 files serve as the test set.
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