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Real-time machine-learning-driven control
system of a deformable mirror for achieving
aberration-free X-ray wavefronts

LUCA REBUFFI,1,* XIANBO SHI,1 ZHI QIAO,1 MATTHEW J.
HIGHLAND,1 MATTHEW G. FRITH,1 ANTOINE WOJDYLA,2

KENNETH A. GOLDBERG,2 AND LAHSEN ASSOUFID1

1Argonne National Laboratory, 9700 S Cass Ave, Lemont, IL 60439, USA
2Lawrence Berkeley National Laboratory, 1 Cyclotron Rd, Berkeley, CA 94720, USA
*lrebuffi@anl.gov

Abstract: A neural-network machine learning model is developed to control a bimorph adaptive
mirror to achieve and preserve aberration-free coherent X-ray wavefronts at synchrotron radiation
and free electron laser beamlines. The controller is trained on a mirror actuator response directly
measured at a beamline with a real-time single-shot wavefront sensor, which uses a coded
mask and wavelet-transform analysis. The system has been successfully tested on a bimorph
deformable mirror at the 28-ID IDEA beamline of the Advanced Photon Source at Argonne
National Laboratory. It achieved a response time of a few seconds and maintained desired
wavefront shapes (e.g., a spherical wavefront) with sub-wavelength accuracy at 20 keV of X-ray
energy. This result is significantly better than what can be obtained using a linear model of the
mirror’s response. The developed system has not been tailored to a specific mirror and can be
applied, in principle, to different kinds of bending mechanisms and actuators.

© 2023 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Achieving and maintaining high-intensity focused X-ray beams with near-perfect wavefront
quality and high stability is the main challenge and prerequisite for experiments at 4th-generation
synchrotron radiation and free electron laser (FEL) beamlines. This represents the main challenge
for X-ray optical elements, which will necessarily have much more demanding specifications than
those for other applications because of the shorter wavelength and the ultra-small emittance of
the radiation beams generated by these sources. When using coherent photons from diffraction-
limited light sources, it is critical to maintain a well-controlled wavefront and suppress unwanted
static distortions and dynamic disturbance [1]. Not only can the degradation of the wavefront
be detrimental for phase-sensitive imaging techniques like tomography [2], but wavefront
uniformity is of particular importance for coherent X-ray scattering experiments using X-ray
Photon Correlation Spectroscopy, Coherent Surface Scattering Imaging, and Coherent X-ray
Diffraction Imaging techniques. Wavefront distortions degrade the sample speckle contrast,
which can hinder data interpretation [3] and lead to the failure of the sample phase retrieval and
reconstruction. Therefore, the optical elements must i) be manufactured with a surface figure
closely following an ideal mathematical shape, ii) automatically and repeatably align and focus
the beam to match different sample and experiment requirements, and iii) provide real-time
correction in response to wavefront deformations induced by thermal distortion of upstream
optics, mechanical drifting, and other forms of photon-beam perturbations [4]. Adaptive Optics
(AO) system is a viable solution to address the above problems.

Such a system can dynamically compensate for measured wavefront aberrations by using
precise and highly controllable deformable mirrors [5]. However, up to now, the control of
adaptive mirrors has relied on the linearity, dynamics, and repeatability of the optics response
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to the actuators, which include mechanical bending, piezoelectric bimorph deformation, and
thermal loading [6,7]. The use of piezoelectric actuators to induce deformation of relatively
thick substrates is associated with nonlinearities, such as crosstalk between actuators, creep, and
hysteresis [8–10]. The magnitude and rate of creep and hysteresis are affected by various factors,
including the recent history of applied voltages [9]. These nanometer-scale effects are already
relevant to the level of accuracy required for applications mentioned above.

The central challenge of controlling X-ray AO relying on piezoelectric actuators is the ability
to compensate for their dynamic behavior. Without feedback and dynamic control, the mirrors
step toward their targeted shapes and then drift slowly over minutes. Furthermore, the shapes
they achieve are influenced by their recent shape history. Thus, repeated actuation to the same
target shape can produce different results. Traditional creep compensation was carried out by
applying a time-dependent compensating voltage profile immediately following the initial voltage
application, which can give good results when the mathematical model is known, such as the
creep radius of curvature is linear to the applied voltage [9].

With the help of a feedback system, iterative control methods based on the linear response
model can be used [11,12], which can take tens of minutes to converge to the targeted solution
and are, therefore, unsuitable for real-time AO control. Recent work demonstrated the possibility
of controlling a bimorph mirror using machine learning (ML) based on a neural network (NN)
trained on a collection of surface shapes measured by a Fizeau interferometer [13]. A closed-loop,
fast-shaping control of a bimorph mirror was recently reported for the surface shape feedback
system of an array of interferometric sensors [14].

In this work, we report the first demonstration of an NN-based controller of a bimorph mirror,
achieving the desired wavefront shape directly at the beamline under working conditions. The
bimorph mirror uses piezo actuators to provide global bending and local adjustment of the surface
shape. Single-shot, absolute wavefront sensing was demonstrated using a coded-mask-based
technique [15] and wavelet-transform-based analysis [16]. The NN controller was trained with
measured, one-dimensional wavefront data at the Instrumentation Development, Evaluation, &
Analysis (IDEA) beamline (28-ID-B) of the Advanced Photon Source (APS).

The NN-based controller achieved a response time of a few seconds and maintained target
wavefront shapes (e.g., a spherical phase) with sub-wavelength accuracy at 20 keV. The system’s
speed, shape accuracy, and stability were significantly improved compared with a linear model
of the actuation response functions. The results are a promising step toward the ultimate goal
of achieving real-time 2D wavefront control with sub-second speed and picometer accuracy,
which are crucial for next-generation beamlines. The developed ML model can also be applied
to adaptive and active optics in broad applications, such as astronomical imaging.

2. Single-shot absolute wavefront sensing

The coded-mask-based X-ray wavefront sensing technique [15] is a newly developed variation
of the near-field speckle-tracking method [17,18]. The main principle of the speckle-tracking
method is to introduce a speckle generator, such as a piece of sandpaper or membrane filter,
into the beam to induce wavefront phase modulation and, thus, a near-field speckle image on a
downstream detector. Typically, the absolute beam wavefront can be extracted from two images
recorded at two speckle generator-to-detector distances, D1 and D2. Taking a one-dimensional
case as an example, by tracking the local displacement of the speckle pattern, δ(x), the beam
deflection angle can be determined as

α(x) =
δ(x)

D2 − D1
. (1)
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The differential wavefront phase (phase gradient) is then:

dϕ(x)
dx
=

2πα(x)
λ

, (2)

where λ is the wavelength.
The wavefront phase ϕ(x) can be obtained by integrating the phase gradient in the x direction.

The local curvature of the wavefront C(x) is the derivative of the phase gradient, given by

C(x) =
1

R(x)
=
λ

2π
d2ϕ(x)

dx2 =
dα(x)

dx
, (3)

where R(x) is the local radius of curvature.
In this work, single-shot absolute wavefront sensing is realized using a coded phase mask as the

speckle generator. The coded mask has a known design pattern that allows for the construction
of a reference image by simulating a plane wave (constant phase) propagating through the mask
to the detector at a mask-to-detector distance D. In this case, δ(x) can be obtained by comparing
a single measured image with the simulated reference image. The local beam deflection angle,
under the small angle approximation, becomes:

α(x) =
δ(x)
D

. (4)

There are many algorithms for extracting δ(x), such as cross correlation [17], wavelet-transform
[16], transport of intensity equation [19], maximum-likelihood optimization [15], and deep
learning [20]. This work used the wavelet-transform-based speckle vector tracking (WSVT)
method [16] for its controllable trade-off between resolution and speed and its enhanced noise
robustness, which is superior to the direct, cross-correlation method. The full mathematical
details of the wavelet-transform-based algorithm can be found in [16]. Here, we summarize the
basic procedures for extracting the 1D displacement δ(x) from two 2D images (one measured
image and one simulated reference). The one-dimensional analysis is appropriate as feedback for
adaptive X-ray optics where the mirror shape actuation takes place strictly along the tangential
direction of the mirror in one dimension.

For each pixel on the sample image [e.g., Fig. 1(a)], we construct a 1D signal array Is
x(t) from all

the neighboring pixels within a template window size of Nw pixels, where t ∈ [1, Nw]. Similarly,
Ir
x(t) can be reconstructed for each pixel on the simulated reference image. In a traditional

correlation-based method, each Is
x(t) will be compared to Ir

x(t) for all the pixels. The displacement
δx of a sample pixel is determined by finding the maximum cross-correlation coefficient between
Is
x(t) and Ir

x+δx(t). In WSVT, each Is
x(t) and Ir

x(t) will be first decomposed into wavelet coefficients
through discrete wavelet transform (DWT). Because DWT is an orthonormal transform, one
can use the Euclidean distance (difference square of the wavelet coefficients) to compute the
similarities between Is

x(t) and Ir
x(t). This process is faster than the cross-correlation operation. In

addition, the length of the wavelet coefficients can be truncated (by a factor of two in this work)
to improve the speed even further without losing resolution.

Examples of the reconstructed 1D speckle displacement function δ and the corresponding
phase ϕ and local radius of curvature R are shown in Figs. 1(b), 1(c), and 1(d), respectively.
These profiles are candidate targets for the ML training (see Section 5.2 for comparison). The
average time to obtain these profiles is only a few seconds, achieved by carrying a multi-thread
data analysis in the background during the measurements. Such a high-speed analysis is
essential to enable near-real-time data acquisition. Further improvement is under development by
implementing deep learning [20].
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Fig. 1. Examples of (a) sample image showing speckle pattern of radiation with photon
energy of 20 keV from the coded mask, (b) reconstructed local displacement of speckle,
(c) phase (in units of λ), and (d) local radius of curvature along the vertical direction (y
coordinate).

3. Bimorph deformable mirror

The testing mirror is a PZT (lead zirconate titanate)-glued bimorph mirror manufactured by
JTEC Corporation, as shown in Fig. 2. The Pt-coated, optically active area of the mirror has
dimensions of 150 mm (length)× 8 mm (width) on a silicon substrate with a dimension of 160

Fig. 2. Bimorph mirror: (a) photograph showing the 18 electrode pairs for the local shaping
actuators and the optical surface sandwiched between the electrodes, (b) schematic for
substrate dimensions and the piezo electrode channels.
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mm (length)× 50 mm (width)× 10 mm (thickness). Two piezoelectric strips, with 18 separate
electrodes, are glued symmetrically on each side of the optical surface. Each pair of electrodes,
at the same position along the strips, forms one actuator capable of locally modifying the surface
shape. There are 18 local surface actuators (ch1–ch18), each corresponding to one channel and
one input voltage. Two long piezo strips are glued to the bottom surface of the mirror, forming a
single global bender actuator (ch20) capable of bending the entire optical surface. A grounded
channel (ch19) is on the backside of all piezo stripes.

The initial state of the mirror was set to 500 V on all electrodes. Then, the voltage applied
to the bender actuator was tuned to 170 V to bend the mirror surface and form the focus in the
desired position. In this study, as in [13], we limited the voltage change applied to the 18 local
actuators to within a range of [–100 V, 100 V] for the training data collection.

4. ML-based controller of the bimorph mirror

The controller is built by extending the system described in [13]. The system is a two-part
framework: (i) an ML-based predictive model of the non-linear dynamics of the adaptive optics
using a feedforward neural network and (ii) a controller to drive the mirror to obtain a desired
spatial distribution of a chosen wavefront property using non-linear quadratic cost regulation
over a finite horizon. The system can use one of the wavefront properties that can be measured at
the beamline: local speckle displacement δ (directly related to the differential phase), integrated
absolute phase ϕ, or local radius of curvature, R, of the wavefront.

4.1. NN-based predictive model

The predictive model is a discrete-time (∆t) model of the non-linear dynamics of the bimorph
mirror. For any time t, the predicted wavefront property wpt+1, at t + ∆t, is expressed as a
function of a history of n discrete-time set of voltages vt−k = [vactuator

i ]
i=1...Na
t−k applied to the

chosen Na actuators at time t − k · ∆t and corresponding obtained wavefront property wpt−k+1 at
time t − (k − 1) · ∆t, with k = 0, 1 . . . n (0= current time), given by

wpt+1 = f (wpt, wpt−1, . . . , wpt−n+1, vt, vt−1, . . . , vt−n). (5)

The meaning of wpt+1 is that the model predicts the wavefront property spatial distribution one
time step in the future given a finite history of wavefront property shapes and voltages, starting
with its current shape, and applied set of voltages, going back n time steps. In this study, we kept
∆t= 2s, as used in [13], for comparison purposes and to safely have time to change the input
voltages and collect the wavefront measurement. The chosen wavefront property is detected as
a 2D spatial distribution and mapped to 1D profiles along vertical and horizontal coordinates.
However, since the bimorph mirror only focuses in one direction, we used the corresponding 1D
vertical profile obtained from the selected portion of the detected image (see Fig. 1).

The machine learning system to determine the function f is a feedforward neural network
[21], with five fully connected layers and exponential linear unit activation, and an additional
skip connection introduced due to their effectiveness in modeling an identity mapping [21,22].
The size of the input layer is determined by the dimension of our wavefront property spatial
distribution, the number of actuators being controlled, and the number of previous time steps
incorporated in making a prediction.

In this experiment, the beam size at the 28-ID beamline illuminated an area of the bimorph
mirror surface corresponding to the central 10 actuators (ch5–ch14). The 1D section of the
selected wavefront property is limited to 700 points (pixels), corresponding to a central portion of
the whole detected image, where the signal is unaffected by the effects of upstream beamline optics
that blur the boundaries of the image (e.g., diffraction from slits.) To reduce the computational
time, we represented the wavefront property with a spline of 50 points with an added quality
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check by setting a limit on the difference between the original distribution and spline to avoid
loss of accuracy.

To train the NN model, we performed 15-fold cross-validation on the training dataset with
3,000 iterations of the Adam stochastic optimization [23] per fold. The PyTorch library [24] was
used as the ML framework. Predictive models with different n time step histories (n= 4, 5, and
10) were trained for comparison.

4.2. NN-based controller

The mirror controller uses the trained NN model to determine a sequence of voltage inputs to be
applied from the current state to a final state in a finite number of m control time steps (with the
same ∆t used for the training dataset for the predictive model). The controller algorithm solves a
quadratic cost function with an expression similar to the iterative linear quadratic regulator [25]
that penalizes the prediction error at each intermediate step. As described in [13], the controller
provides the succession of voltages to be applied to the actuators by directly minimizing the
non-convex objective function using Adam [23]. We explicitly chose to maintain the conditions
of our previous study for comparison purposes, even though it does not theoretically guarantee
the optimality of the converged solution.

The cost function is given by

{v}∗ = arg min
{v}

m∑︂
t=1

ct · ∥wpt − wp∗∥2
2 , (6)

with initial conditions
wpt = wp0 ∀t ≤ t0, vt = v0−1 ∀t ≤ t0, (7)

where wp∗ is the desired wavefront property spatial distribution, and ct coefficients are used to
apply a weighted penalty to the prediction error at each time step. We assumed that the first set
of voltages, v0, is applied to the actuators at the time step 0, when the mirror is at rest with some
arbitrary shape. Additionally, we used constant weights ct that have been optimized empirically
[13]. In this work, we have chosen an m= 10 step controller for all experiments.

5. Experimental results at the IDEA beamline

5.1. Experimental setup

The 28-ID-B beamline at APS is designed to characterize the performance of state-of-the-art X-ray
optics and devices planned for the Advanced Photon Source Upgrade (APS-U). The scientific
goal of the IDEA beamline is to obtain performance metrics for proposed beamline optics and
components for the APS-U by simulating the expected upgraded operating conditions for the
multi-bend achromat undulator source and to provide data to validate, optimize, or re-engineer
the best possible performance of all the planned new and enhanced beamlines. In particular, the
testing program focuses on performance under high heat load and coherence preservation by
beamline optics and components.

The IDEA beamline source is described in Table 1. The beamline has a horizontal double
multilayer monochromator (HDMM) to provide large-bandwidth (1∼1.5%) monochromatic X-ray
beams. The optical components of the beamline are listed in Table 2. The reported distances are
relative to the center of the undulator.

In experimental hutch B, we built a Kirkpatrick–Baez (KB) mirror focusing system composed
of an outward-reflecting, horizontally focusing bendable mirror using a flexure bender [26] and
the upward-reflecting bimorph mirror for vertically focusing. Both mirrors were operated at a
grazing angle of 3 mrad. The KB mirror pair creates a focused beam at the focal plane, upstream
of the wavefront sensor (coded mask and detector), as shown in Fig. 3, to create a ∼1 mm2 square
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Table 1. Characteristics of undulator U33 at APS.

Period
(mm)

Number of
Periods

K E1st
(keV)

Electron Beam
E (GeV) I (mA) σx (µm) σy (µm) σ′

x
(µrad)

σ′
y

(µrad)

33 71 2.247 4.0 7 100 280.5 10.2 11.8 3.4

Table 2. Optical components of the IDEA beamline. Distances are relative to the center of the
undulator.

Distance
(m)

Component Dimension
(mm2)

Description/Comments)

28.3 Slits 0.06× 1.0 White beam slit

30.0 Mirror (M1) 30× 500 Horizontal, outward reflecting, bendable mirror

30.7 Mirror (M2) 30× 500 Horizontal, inward reflecting, bendable mirror

32.7 HDMM 30× 160 Horizontal double multilayer monochromator

63.6 Slits 0.42× 0.85 Monochromatic beam slit

64.97 H-KB Horizontally focusing bender mirror

66.1 V-KB Vertically focusing bimorph mirror

68.6 C-M Coded mask (5-µm pattern period, 2-µm-thick Au
electroplated on silicon nitride substrate)

69.1 Detector 20-µm thick LuAG(Ce) scintillator, 10× objective lens, and
Zyla 5.5 sCMOS camera. Effective pixel size: 0.65 µm

image on the detector (see Fig. 1). Details of the coded mask and detector system can also be
found in Table 2. The monochromator was tuned to a photon energy of 20 keV (λ= 0.062 nm)
using the 5th harmonic of the undulator.

Fig. 3. KB mirror setup and wavefront sensor system in the experimental hutch B at the
APS IDEA beamline.

5.2. Data collection and model training

To keep the mirror conditions close to the conditions used in [13], for comparison, the global
bender channel (ch20) was excluded from machine learning in the first set of experiments. It
was set to a fixed voltage of 170 V to keep the overall shape of the mirror and the focal position
fixed. The voltages of ch1–ch4 and ch15–ch18 were fixed at 500 V and excluded from the
machine learning since the beam footprint did not illuminate the areas modified by their relative
actuators. The voltage inputs of each used surface actuator (ch5–ch14) were limited to a range of
[−100 V,+ 100 V] around 500 V to avoid possible damage to the mirror. Finally, the timestep
was set to ∆t= 2 s, as used in [13]; this was achieved by starting an image collection at 1.7 s at
each step with an acquisition time of 0.3 s.



Research Article Vol. 31, No. 13 / 19 Jun 2023 / Optics Express 21271

To train the NN, we acquired 24,500 wavefront measurements corresponding to random applied
voltage inputs in the following datasets:

- 10,000 wavefronts corresponding to a random set of voltages, changing every step.

- 5,000 wavefronts corresponding to a random set of voltages, changing every 5 steps.

- 5,000 wavefronts corresponding to a random set of voltages, changing every 10 steps.

- 4,500 wavefronts corresponding to a random set of voltages, changing every 15 steps.

These training datasets cover conditions on large and immediate wavefront changes caused by
adjustments of the voltages applied to all the actuators, as well as by small and slow changes due
to the non-linear dynamic of the piezoelectric motors when the voltages are held constant. An
additional 1,000 datasets were collected but not used in the model training. Instead, they served
as a random shape database to be selected from as target shapes guaranteed to be achievable.

Firstly, the model was trained by using the three wavefront properties (see section 2) separately:
speckle displacement, the local radius of curvature, and the absolute phase. The m= 10-step
control experiments were carried out using the n= 4 predictive model trained on the three
wavefront properties.

For each control experiment to achieve one particular wavefront profile, the wavefront was first
measured at the time t0 at the current mirror condition. Then, the NN-based controller changed
the voltages of the mirror actuators (ch5–ch14) in m= 10 consequential steps (every ∆t= 2 s).
The wavefront was measured during the last 0.3 s of each step before changing the voltages.
Then, there were 10 measured wavefront profiles at t1 to t10. In addition, a final wavefront at
tfin was measured after another 40 s (at 60 s from the first voltage change) without changing
the actuator voltages. The 11 measured wavefront profiles were then compared to the desired
wavefront target for error analysis. To improve the measurement, 25 experiments to achieve 25
different but random wavefront profiles were carried out using NN-based models trained on the
three wavefront properties, with results shown in Fig. 4.

Fig. 4. Comparison between the prediction error of NN-based models trained on different
wavefront properties: (a) speckle displacement, (b) local radius of curvature, and (c) absolute
phase. The target wavefronts are random profiles. Average rms error values are reported in
the insets.

We used the rms phase error (in units of λ) between the desired and measured wavefront
profiles as the criteria. Figure 4 shows the rms phase error distribution of the 25 experiments. The
average rms phase error and its standard deviation are listed in the figure legends for time steps at
t1, tfin, and all the 11 time steps. It is evident that the model trained on the local displacement
[Fig. 4(a)] provides the best result with the lowest average phase error and narrowest distribution
(smallest ±σ value in the figure). This is reasonable since the speckle displacement is the most
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direct measurement, while phase and radius of curvature are both secondary properties derived
with additional integration or differentiation processes. Throughout the rest of this work, unless
otherwise stated, all results were obtained using models trained on the local displacement.

It is worth noting that the capability of distinguishing one wavefront from another (detecting
wavefront aberrations) depends on the resolution and sensitivity of the wavefront sensor. The
coded-mask-based technique in this work provides the highest available phase sensitivity among
all single-shot methods, which is at the λ/100 level [14]. This is critical for monitoring and
controlling wavefronts at low-emittance light sources with super-precision adaptive optics.
Another limiting factor is the stability of all beamline components. A wavefront stability
measurement over a similar period (∼75 minutes for 25 experiments) shows an rms phase stability
of 0.02λ.

Next, control experiments using predictive models trained with n= 4, 5, and 10 discrete-time
steps are compared in Fig. 5. No significant differences were observed, suggesting that the
original model with n= 4 for mirror shape prediction [13] is sufficient for the wavefront prediction.
A time history of four steps is enough to account for the time-dependent dynamics of the mirror
and thus accurately predict and control the wavefront. In addition, the phase error at t1 being
close to tfin indicates that the ML controller can drive the mirror to the correct shape within
the first step and keep it stable for all later steps. These fast-converging and stable features are
essential for real-time feedback control of any adaptive mirror system.

Fig. 5. Comparison between the prediction error of models trained with different step
histories: (a) n= 4, (b) n= 5, and (c) n= 10 to achieve randomly generated arbitrary wavefront
profiles. Average rms error values are reported in the insets.

5.3. Aberration-free wavefront control

The ideal wavefront of a focusing beam is a spherical phase profile with a constant local radius of
curvature equal to the optics-to-focus distance. Based on Eqs. (2) to (4), the differential phase
profile dϕ/dy and the measurable speckle displacement δ are both linear functions of y for a
spherical wavefront. In practice, targeting such ideal spherical wavefronts is the most common
and essential case at a beamline. In other words, the adaptive optics controller aims to remove
any wavefront aberration from the desired profile.

While collecting the training datasets, we observed that the mean values of the local radius of
curvature in all datasets fell between 1.43 m and 1.67 m, a range achievable within the set voltage
limit of [−100 V, 100 V] for electrodes ch5–ch14. For this reason, the control experiments were
carried out to achieve a selected set of constant radii within the [1.43 m, 1.67 m] range covered
by the NN-based model.

Results from control experiments using the three n-steps trained models (Fig. 5) are summarized
in Fig. 6. A similar fast-converging and stable performance is observed. The overall phase errors
are larger than the random wavefront cases (Fig. 5) since the NN-based model was trained with
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random wavefront outputs. Nevertheless, the wavefront phase error is small, for example, 0.265λ
for the n= 4 model, which corresponds to an rms height error of 1.8 nm on the mirror surface
obtained from back projection, which is close to the direct mirror shape control results (∼1.4 nm)
in [13]. This is a particularly satisfying result considering that in Ref. [13], the NN-based model
was trained on a directly measured surface shape with the bender in its rest position, while in this
study, the mirror was operated at an X-ray beamline, bent into a focusing shape. Also note that
the contribution from the beamline instability (in particular, a drift of the vertical mirror pitch)
over the time (∼6 h) performing 125 experiments is about 0.06λ, which could explain the slight
difference.

Fig. 6. Comparison between the prediction error of models trained with different step
histories: (a) n= 4, (b) n= 5, and (c) n= 10 to achieve wavefront profiles with random but
constant local radii of curvature. Average rms error values are reported in the insets.

As an example, Fig. 7 shows a comparison between the desired and measured wavefront phase
and speckle displacement for one selected control experiment. The displacement control error is
less than one pixel, also thanks to the high sensitivity provided by the wavefront sensor.

Fig. 7. Comparison of speckle displacement (left) and phase (right) between a spherical
wavefront and the measured one achieved with the NN-based controller. Top: absolute
values. Bottom: differences.
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5.4. Comparison with linear controller

To understand the capability and the effectiveness of the NN-based controller, experiments were
also carried out with a traditional linear controller based on the measured wavefront response
functions (RF) of the actuators [10]. In this work, the piezo RF of each electrode was obtained
by measuring the relative wavefront change when increasing each electrode voltage individually
from 500 V to 600 V. The measured response functions for the phase and speckle displacement
are shown in Fig. 8. A similar study was conducted to compare using different wavefront
properties (phase, speckle displacement, and local radius of curvature) as the target. Like the
results observed for the NN-based model in Fig. 4, the use of the speckle displacement provided
the best performance and was thus chosen for all the subsequent studies.

Fig. 8. Measured response functions in terms of (a) wavefront phase and (b) speckle
displacement changes per 100 V changes on each piezo electrode, to be used by the linear
controller.

The linear controller deals with the relative wavefront changes, as opposed to the NN-based
model, which works on the absolute wavefront. The initial wavefront at t0 was first measured,
and the difference between the measured wavefront property (in terms of speckle displacement)
and the desired spherical wavefront was taken as the target for tuning the electrode voltages. The
process was carried out using a procedure described in [6] based on linear matrix operations.
The output is an array of relative voltage changes for the 10 used electrode channels. Once the
voltages were applied, the new wavefront was then measured at the same t1 to t10 and tfin as in
the NN-based model studies.

The results using the NN-based (including all results from n= 4, 5, and 10 models in Fig. 6)
and linear controllers are compared in Fig. 9 for t1 and tfin. The NN-based controller provides a
significant improvement in the average phase error and the sigma value (± values in the figure)
of the error distribution. The NN-based model gives a control error of 0.262λ at t1, which is a
factor of 2.8 better than the linear model, as shown in Fig. 9(a). The rms error at tfin is 0.303λ for
the NN-based model, a factor of 2.1 better than the linear model, as shown in Fig. 9(b). The total
error over all time steps favors the NN-based model by a factor of 2.4. The NN-based model is
generally more accurate and achieves the target wavefront in fewer steps. Also, the rms phase
errors of all experiments fall into a narrow distribution (small ±σ values in the figure). This
indicates that the NN-based model is more reliable in providing correct solutions over a broader
range of wavefronts with different radii of curvatures. On the other hand, the linear model is only
accurate when the required changes are small [13]. Moreover, since the response function of the
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linear model was acquired at static conditions (waited one minute after each voltage change for
the mirror shape to settle), it failed to account for the short-time dynamics of the mirror response.

Fig. 9. RMS phase error distribution obtained by the NN-based controller (n= 4, 5, and 10)
compared to a linear model (LM) based on response functions at (a) t1 and (b) tfin. The total
error was defined as the average value of the 11 time steps (t1 to t10, and tfin). Average rms
error values are reported in the insets.

5.5. Adding the bender to the ML model

In all previous experiments, the global bender actuator (ch20) was not changed but imposed
a fixed baseline wavefront phase with a fixed radius of curvature. Here, ch20 is included in
the NN-based model, with limited movements around the initial position (170 V). We aimed to
reduce the total excursion of the individual actuators (ch5–ch14) to achieve the desired shape. A
new set of training data was collected with the following pattern:
- 10,000 wavefronts corresponding to a random set of voltages, changing every step.

- 10,000 wavefronts corresponding to a random set of voltages, changing every 5 steps.
While the surface actuators (ch5–ch14) were allowed to fluctuate within a range of [–100 V,

100 V], the range for the bender actuator (ch20) was limited to [–10 V, 10 V], a fluctuation
compatible with the desired range of radius of curvature in the previous experiments. The model
performance with the bender actuator is shown in Fig. 10. There is a slight improvement in the
overall prediction error (0.232λ) as compared to that (0.265λ) of the model without the bender
actuator [Fig. 6(a)]. The improvement (∼12%) is not significant enough to conclude that adding
the bender to the NN-based model is beneficial, but enough to promote it as a direction worth
exploring in the future.

It is also important to underline the preliminary, albeit important, characteristic of this study.
The bender actuator is different from the surface actuators, with different dynamic responses and
weights in modifying the wavefront. The model training must be carried out with care to consider
the optimal and limiting range of voltage fluctuations for the bender. Nevertheless, the results
suggest the flexibility and possibility of the NN-based model to accommodate actuators with
different forms and dynamics, making it suitable for more complicated adaptive optical systems.

5.6. Robustness and Repeatability

To test the robustness of the system, the experiments were repeated in two additional experimental
sessions without retraining the model but using the same model trained in the first experimental
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Fig. 10. RMS phase error distribution obtained by the NN-based controller (n= 4) with
the bender actuator (ch20). The remaining parameters used in the NN-based model are the
same as those used in Fig. 6(a). Average rms error values are reported in the insets.

session (described in section 5.2). In the two subsequent experimental sessions, separated by 1
and 3 months from the first, the entire optical system was rebuilt from scratch, including tuning
the undulator source, white beam mirrors, slits, and the monochromator to the same condition,
repositioning the KB mirrors, motor stages, supporting tables, and the wavefront sensor, and
realigning the KB mirrors to provide the same focal position. As shown in Fig. 11, the NN-based
model trained in the first experimental session provided progressively deteriorated but overall
stable and consistent results. Considering the extreme conditions of the test, the repeatability
and robustness of the controller model are more than satisfactory for our application without
model retraining. This is significant for real-world operation, knowing that the model training is
long-lasting even for beamlines with versatile configurations and applications.

Fig. 11. Comparison between the prediction error of the NN-based model trained with data
from the first experimental session but applied to (a) the first experimental session (a replot
of Fig. 6(a) with a different scale for comparison), (b) the second experimental session after
one month, and (c) the third experimental session after three months. Average rms error
values are reported in the insets.

6. Conclusions

We reported the application of an NN-based prediction model and related controller for a bimorph
mirror to control the X-ray beam wavefront. The goal is to achieve a high-quality wavefront
control and to remove aberrations introduced by the photon transport system of the beamline. The
system has been realized by combining two key developments: (i) a high-speed, reference-free,
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single-shot wavefront sensor to directly measure the wavefront properties and feedback to the
controller and (ii) an NN-based control system to drive the shape of the mirror surface and thus the
output wavefront to the desired shape. The IDEA beamline, dedicated to optics characterization
and testing, is also essential for such extensive studies over multiple beamtimes.

The best performance was achieved using the NN-based model trained on the speckle
displacement (equivalent to the differential phase), compared with models trained on the absolute
phase and local radius of curvature. This is a natural outcome of using the coded-mask-based
wavefront sensing technique since it directly measures the speckle displacement. The speed of
the wavefront sensor and data analysis algorithm also enabled the collection of large training
datasets directly at the beamline. Further optimizing the NN-based model suggested that the
n= 4 history step is sufficient for realizing the time-dependent dynamics of the system and thus
predicting and controlling the wavefront to a sub-wavelength level.

The NN-based model achieved the best results in shaping the wavefront to a desired spatial
distribution, especially a spherical wavefront (constant local radius of curvature), showing more
than a factor of two improvements compared to the linear control model. Moreover, the NN-based
model captured the non-linear dynamic properties of the adaptive mirror, which is essential for
achieving real-time feedback and wavefront control for advanced applications.

The NN-based model corrected the wavefront phase to a sub-wavelength error level, equivalent
to an rms height error of 1.8 nm on the mirror surface. This is within the accuracy required to
achieve diffraction-limited performance in many applications of next-generation X-ray sources.
The NN-based model also gave narrow error distributions, indicating reliability, when tested with
arbitrary random wavefront shapes. Its merits of fast converging (seconds) and stability over
time make it suitable for real-time feedback control of adaptive optics.

The implementation of a mixed bending actuator and small-scale surface actuators was tested in
the training model. Further development will be needed to add boundaries to actuator movements
in the training process to avoid potentially unsafe or unrealistic shape conditions and improve the
training data.

A fundamental aspect of ML-driven systems is the stability and repeatability of the conditions
under which the training data will be collected, and the optics operated, something that could
not be taken for granted on a synchrotron beamline. We can speculate that an auto-alignment
system based on artificial intelligence could be developed to monitor the beam properties (like
position and shape) and restore desired initial conditions. Such a beamline auto-alignment
system running in the background during the experiments could potentially be fundamental
in keeping the stability and repeatability of the beam conditions from the ML training data
collection to the operation of the NN-based controller, ensuring that the system is consistently
capable of delivering optimal performance. Further improvements may be achieved by adding
fine adjustments to the NN-based model. The model training speed may be accelerated by using
higher-power supercomputers.

In addition to the NN model improvement, further developments in wavefront sensing accuracy
and data analysis speed are still needed for real-time wavefront control with sub-second speed
and picometer accuracy. The absolute wavefront sensing accuracy is sensitive to the aberration in
the detector and the coded mask, which can be improved by calibration with a known wavefront
shape, such as a spherical wavefront generated by a small pinhole. The recently developed
deep-learning-based model [20] shows a promising first step toward high-resolution sub-second
analysis.

It is important to underline that the NN-based model has been developed without being tailored
and bonded to a specific motion mechanism or to a specific kind of optical element. The system
correlates wavefront shapes to corresponding hardware setups represented by a list of numbers.
It can be applied to optical elements with any deformation mechanism provided by an arbitrary
number and type of hardware devices.
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Moreover, the developed NN-based system is not limited to correcting wavefront aberration
but could also provide a “next-generation” wavefront engineering solution by driving the optics
to precisely manipulate the wavefront phase towards the experimental needs. For example, it can
introduce tailored spatial interactions between the illumination and the sample in imaging and
scattering measurements, enabling new contrasts and higher sensitivity, typically accessible only
through holographic techniques. Moreover, this development paves the way for the advanced
control of more sophisticated adaptive optics, such as grating optics for multicolor wavefront
engineering.
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