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Abstract: Image-based wavefront sensing using deep-learning allows Zernike coefficients to
be estimated directly from intensity measurements. To date, the majority of experiments have
focused on using convolutional neural networks to estimate coefficients. Here, we demonstrate a
dual-plane wavefront sensor trained using a vision transformer model and compare its performance
to that of the widely used convolutional neural network (CNN) architecture. Both results of
experiment and simulation indicate that the vision transform can outperform the CNN where
image data is significantly downsampled, due to the former’s ability to more accurately predict
high-order Zernike coefficients.
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1. Introduction

Rapid and precise measurement of wavefront aberrations is critical for many applications,
including astronomy [1], ophthalmology [2], and microscopy [3,4]. Wavefront sensing covers a
broad range of techniques in which the shape and/or phase of a wavefront in an optical system
are measured with respect to a reference wavefront. Typically, a wavefront sensor (WFS) such as
a Shack-Hartmann sensor [5], or a pyramid sensor [6,7] is used to measure the gradient of an
impinging wavefront. A wide variety of interferometric systems have also been developed to
extract wavefront information, such as the Fizeau and shearing interferometers [8]. Alternatively,
wavefront information can be acquired from measured spatial intensity distributions using iterative
phase retrieval algorithms [9—11], however, these methods are often slow to converge, limiting
their use in applications where real-time wavefront correction is required. Combined with
adaptive optic elements such as a spatial light modulator (SLM) or deformable mirror, wavefront
sensing allows for the correction of aberrations that can otherwise severely limit the performance
of imaging systems. Interferometry and conventional wavefront sensors offer reliable methods
for recovering wavefront information. However, these approaches can increase the cost and
complexity of systems, and in the case of interferometry, place stringent requirements on stability.

Recently, there has been immense interest in using deep learning methods to extract wavefront
information directly from spatial intensity distributions. Such deep learning wavefront sensing
(DLWEFS) takes advantage of the ability of machine learning algorithms, such as convolutional
neural networks (CNN), to map non-linear relationships between measured spatial intensity
profiles and the Zernike coefficients describing the wavefront, offering the prospect of rapid and
robust wavefront sensing without the need for a conventional WES or interferometer. Significant
progress has been made with numerous models and applications demonstrated. Models have been
trained to enable improved imaging in scattering media [12—14], retrieve Zernike coefficients
from atmospheric turbulence [15,16], and correct for aberrations in the focal plane [17-23]. Once
trained, DLWEFS has also been demonstrated to allow faster wavefront retrieval than traditional
algorithms [24-26].
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To date, many DLWFS studies have focussed on the use of intensity distributions measured at
a single plane, typically the back focal plane of a lens. However, due to the symmetry present
in even-order Zernike polynomials, it is not possible to unambiguously determine the sign of
certain coefficients solely from a measurement of the intensity [22,27]. This ambiguity presents
a challenge for DLWFS based on measurements at a single plane, as learning models often fail to
converge in this case. A solution to this was proposed by Siddik et al. [22] where a modified set
of Zernike polynomials, containing only the absolute value of even polynomial coefficients, was
used for training. This method avoids convergence failure but has limited practical use as negative
value coeflicients may be present in real systems. Phase diversity has also been demonstrated as
a means to mitigate sign ambiguity but requires an annular entrance pupil [28].

A more robust method to avoid sign ambiguity is to record the spatial intensity distribution at
two longitudinally-separated planes, one of which is typically the focal plane. Such dual-plane
sensing has been shown to provide sufficient data for a CNN to predict even and odd coefficients,
without the need to change the beam or sample [19,20,23,24,29-31], at the expense of a slight
increase in the complexity of the system.

Until recently, the majority of DLWFS investigations have focused on the use of CNNs. For
pattern recognition tasks CNNs offer many advantages including translational invariance, data
efficiency, low prediction times and excellent feature recognition. However, vision transformer
(ViT) models have recently gained significant attention. Unlike CNNs, which use a kernel to
perform pixel-wise operations on input data, ViTs break images into patches and process each one,
giving more weight to information-rich patches. ViTs have demonstrated superior performance
compared to CNNs in numerous image-based tasks such as diagnostic medical imaging and
classification problems [32]. They have also been used in a host of optical experiments including
compressive sensing [33], phase-retrieval [34,35], plenoptic sensors [36], and wavefront sensing
[20,37]. An in-depth study of the use of ViT models for the correction of aberrations induced by
atmospheric turbulence was carried out by Liu et al. [38], with the ViT in that study outperforming
several popular CNNs while also being more robust to noise, demonstrating the potential for ViTs
to replace CNN models. However, a drawback of ViTs is that training times tend to be longer
than for CNNs due to their higher computational complexity, dependence on the patch size, and
requirement for larger datasets.

In this paper we demonstrate dual-plane DLWEFS trained using a ViT and compare its
performance to a CNN for both experimental and simulated data. The performance of the DLWFS
is investigated for different sizes of training datasets, as well as the effect of down-sampling input
data. The CNN is observed to outperform the ViT, until the data is downsampled significantly in
which case the ViT outperforms the CNN due to its ability to more accurately predict higher
order Zernike coefficients. These results indicate that ViTs may be advantageous for DLWFS
applications where low-resolution images are available, or where data is deliberately downsampled
in order to boost performance, such as training and inference times.

2. Experiment setup and data collection

The experimental setup for the dual-plane DLWES is illustrated in Fig. 1. The beam of a
helium-neon laser (wavelength 633 nm) was expanded and collimated using a telescope consisting
of two lenses of focal length 200 mm and —50 mm placed 20 cm apart, resulting in a beam
approximately 3.5 mm in diameter. The collimation of the beam after the telescope was verified
using a Shack-Harmann sensor. The beam was then reflected from a SLM (Hammamatsu model
X13138-02) at an angle of incidence of approximately 10 degrees and passed through a lens
of focal length 500 mm, with the SLM located in the front focal plane of the lens. To perform
dual-plane sensing the spatial profile of the laser was recorded at two separate planes. To achieve
this a 1 mm thick 50:50 beamsplitter was used to split the beam after the lens. One camera
(UI-3880CP-C-HQ Rev.2), located at the back focal plane of the lens, recorded the transmitted
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portion of the beam. A second camera (UI-1240SE-M-GL), located approximately 7 cm past
the back focal plane, recorded the reflected part of the beam. A 500 um diameter pinhole,
located close to the focus of the reflected beam, was used to block unwanted diffraction from the
SLM. The intensity of the laser was controlled using the combination of a half-wave plate and
polarizing cube beamsplitter, as well as a selection of neutral density filters. The polarizing cube
beamsplitter also ensured the horizontal polarization required for optimum phase modulation
using the SLM.
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Fig. 1. (a) Experiment setup for collection of training data. ND, neutral density filter; HWP,
half-waveplate; PBS, polarising beam splitter; L1-L3, lenses; SLM, spatial light modulator;
BS, beam splitter; CCD1-CCD2, charged-coupled device cameras; PH, pinhole. (b) Random
selection of measured intensity profiles.

Training data was acquired by altering the phase of the beam using the SLM. A common way
to describe the phase ¢(x, y) of a wavefront is to use a set of orthogonal functions called Zernike
polynomials. These polynomials are defined across a unit circle and each term represents a
different aberration [39—41]. Each polynomial mode Z; is weighted by a coefficient a; with the
Noll indexing scheme [41]:

$(x,3) = > aZ(p.0). (1)

J
The Zernike polynomials are defined by:

Zi(p,0) = Z;(p, 0)
MRZ"(p) cosmf if m # 0 andj is even,
= MRﬂ(p) sinm6 if m # 0 andj is odd,
Vi + 1R"(p) ifm=0

@

where n, m and j are the index orders, p and 8 are polar coordinates and R(p) is a radial function.
Using the Noll indexing scheme, a dataset of 100, 000 phase maps, each with different Zernike
coefficients, was generated. It has previously been shown that the inclusion of very high-order
Zernike modes can artificially increase the performance in DLWFS, as CNNs tend to lower the
contributions from higher-order modes [27]. To mitigate this the first 18 Zernike coefficients
(excluding piston, tip and tilt) were used with each coefficient randomly generated as a number
between —1 and 1, which was then divided by the radial order of its respective coefficient. This
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gives an approximation of a power spectral density profile associated with typical polishing errors
in optics [42].

A constant manufacturer-supplied calibration mask was applied to the SLM and a Shack-
Hartmann sensor was used to verify that the majority of aberrations were corrected for. A blazed
grating was also added to each mask to separate modulated light into the first diffraction order.
Each of the phase masks was applied to the SLM, with the Zernike polynomials occupying a
circular regions at the centre of the mask, and the images from both cameras were recorded. The
camera in the focal plane had a 2.4 um pixel size and recorded a 200 x 200 pixel region of interest.
The second camera had 5.3 um pixel size and, due to the diffraction of the beam past the focal
plane, recorded a 400 x 400 pixel region of interest. With all 200, 000 (100, 000 for each plane)
images collected, each focal-plane image was concatenated with its respective out-of-focal-plane
image (now downsampled to (200, 200, 2) using bicubic interpolation), creating a final dataset of
100, 000 concatenated images of shape (200, 200, 2).

3. Models and training

The dataset was used to train a ViT and compare its performance to a standard CNN. There are an
abundance of CNNs available but the Residual Neural Network (ResNet) architectures are still a
popular choice for many applications, performing on a par with other models [43] and have been
shown to work well for DLWFS applications [19,20,23,29]. In this work ResNet-34 [44] was
used as it has been demonstrated to perform well for a wide range of applications while requiring
less training time than its larger counterparts such as ResNet-50 or ResNet-101. An illustration
of how a CNN processes input data can be seen in Fig. 2(a). A kernel representing a matrix of
numbers with learnable weights is scanned across the input image, performing convolutions to
generate a feature map, with a single layer in the network employing multiple kernels. Stacking
several such layers allows the network to extract progressively more abstract features. The size of
the kernel and the number of pixels it moves across at a time are user defined, typically changing
per layer throughout the CNN model as the convolutions reduce the image spatially.
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Transformer encoder

L T T T T T T T T

’ Linear projection + positional embedding ‘

By Al N

(]

Fig. 2. Comparison of input image processing by (a) CNN and (b) ViT models.

In this experiment a total of 16 residual layers were used in the model, each containing three
convolutional layers. A dense layer of 1000 with a dropout rate of 0.2 is used before the final
output layer of 18 neurons with linear activation representing the Zernike coefficients. These
parameters were chosen based on initial tests to find the best results in terms of accuracy and
training efficiency. The mean squared error between the predicted and actual coeflicients was
used as the loss function. The model was trained and tested on different dataset sizes and
different image sizes with root mean squared error (RMSE) used to measure the performance
of the model. Min-max normalisation was carried out on the training images before the model
was run as it has been shown to improve ResNet performance [33]. Prior to training data sets
were first random-shuffled. Each model was trained for 40 epochs with a batch size of 32 and a
train-validation-test split of 80 : 10 : 10. The Adam optimizer with a learning rate of 0.0001
was used. During training the model validation loss (MSE between actual and predicted Zernike
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coefficients) is calculated at each epoch to evaluate the model performance on unseen data. This
learning rate was reduced by a factor of 0.5 if the validation loss began to plateau with a minimum
learning rate of 1 x 1077 permitted. Early stopping was implemented if this loss did not improve
for 3 consecutive epochs. Training was carried out using Tensorflow 2.17.0 on Python 3.10.12
with a NVIDIA TESLA P100 GPU.

As shown in Fig. 2(b), the ViT model treats input data differently than a CNN by separating
input images into patches that embed position and feature information. In contrast to CNNs a ViT
models the global relationship between all the image patches using self-attention. Self-attention
was first designed to weigh the importance of different words relative to one another in natural
language processing but has since been applied in the transformer encoder of ViTs to measure
which patches contain the most information [45]. A mechanism called multi-head attention is
used to run self-attention in parallel so numerous features can be extracted simultaneously [46].

In this work, a projection dimension of 128 was used in the patch encoding, 6 heads were used
in the multi-head attention and 6 transformer layers were used. These values were selected based
on initial tests to find the lowest training time that did not significantly sacrifice accuracy. To
process the data from the transformer block, a multi-layer perceptron with two input layers is used
with swish activation function and units of 1024 and 512. A final output layer of 18 is used with
linear activation to represent the 18 Zernike coefficients. Training time and model performance
were taken into account when deciding the patch sizes for different input data as training time
and memory consumption increase with patch size. A patch size of 10 used for the (200,200,2)
dataset. For the downsampled datasets discussed later patch sizes of 5, 4, 2 and 2 were used for
the (100,100,2), (64,64,2), (32,32,2) and (16,16,2) datasets, respectively. Additionally, min-max
normalization was removed as it has been shown to influence how weight values are calculated in
the multi-head attention layer, degrading performance [33]. The remaining training parameters
were kept the same as those in the ResNet model.

4. Results and discussion

In order to test the training time and model performance as a function of dataset size, subsets
of size 50,000, 25,000 and 10,000 of the original dataset of 100,000 concatenated images were
selected. The performance of both models can be seen in Fig. 3. Each model was run 5 times
for each dataset, with the resulting error (standard deviation) indicated by the shaded regions
in Fig. 3. As expected, the performance of both models, in terms of the returned RMSE value,
improves with the size of the dataset used for training. However, in almost all cases the CNN
outperforms the ViT. This is in contrast to recent results using a ViT to analyze the simulated spot
patterns of a Shack Hartman wavefront sensor [33]. In that case the ViT was shown to outperform
a ResNet model in all scenarios studied. However, in that work the ViT was pretrained and only
simulated data was considered. In our experiment we have not pretrained the ViT as the benefit
of pretraining has been demonstrated to diminish with increased training data [38]. It has also
previously been reported that ViTs require significantly longer time to train than CNNs due to the
computational expense of the self attention mechanism [38]. However, in Fig. 3 it is seen that the
training time for the ViT and CNN is almost identical for each dataset tested.

The results shown in Fig. 3 suggest that for dual-plane DLWES there is no benefit in using a ViT
rather than the CNN architectures typically employed for these applications. However, previous
work has shown that the performance of DLWFS using CNNSs is sensitive to the resolution of the
recorded intensity distributions [21]. To investigate this for the case of a ViT each of the images in
the measured 100, 000 concatenated dataset was downsampled from (200, 200, 2) to (100, 100, 2),
(64,64,2),(32,32,2), and (16, 16,2). An example of the effect of downsampling for the in-focus
image is shown in Fig. 4. For each downsampled dataset the ViT and CNN models were retrained
using the same parameters described previously for the (200, 200, 2) images.
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Fig. 4. Downsampled in-focus image for resolutions (a) (100,100), (b) (64,64), (c) (32,32)
and (d) (16,16).
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The performance of both models for different degrees of downsampling is shown in Fig. 5(a). As
might be expected, for both models the RMSE is seen to increase as the images are downsampled,
with the RMSE in both models increasing noticeably below (64, 64, 2). However, for the (32, 32, 2)
and (16, 16, 2) downsampled datasets the ViT outperforms the CNN, exhibiting a lower RMSE.
To see if this is a robust feature, the performance of the ViT and CNN models was also compared

for dataset sizes 10,000, 25,000 and 50,000. As can be seen in the inset of Fig. 5(a) the ViT
outperforms the CNN in all cases when downsampled below (64, 64,2). The exception to this
is for the 10,000 datatset size, which is too small for reliable ViT training, as indicated by the
significantly larger RMSE and errors.
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Fig. 5. Comparison of model performance against downsampling for (a) experimental and
(b) simulated data.

4.1. Simulation method

The performance of both ViTs and CNNs has previously been demonstrated to depend sensitively

Table 1. Zernike coefficients used to create the simulated and experimental beams shown in Fig. 6.
Aberration Coefficient Aberration Coefficient
Defocus -0.49 Secondary 45 Degree Astigmatism 0.24
45-Degree Astigmatism -0.12 X-Tetrafoil -0.24
0-Degree Astigmatism -0.37 Y-Tetrafoil -0.03
Y-Coma 0.33 Secondary X-Coma -0.14
X-Coma 0.18 Secondary Y-Coma -0.00
Y-trefoil 0.08 Secondary X-Trefoil -0.14
X-trefoil -0.02 Secondary Y-Trefoil -0.15
Spherical 0.22 X-Pentafoil -0.12
Secondary 0-Degree -0.08 Y-Pentafoil -0.05
Astigmatism

on noise [38]. The images gathered in the dual-plane DLWFS presented here are subject to noise
in the form of camera noise, as well as unwanted back-reflections and scatter. The effect of this
unwanted light on the recorded data can be seen most clearly in the out-of-focal-plane intensity
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Fig. 6. (a) Measured and (c) simulated in-focus and (b) measured and (d) simulated
out-of-focus intensity profiles for a beam with Zernike coefficients shown in Table 1.

distributions, an example of which is shown in Fig. 6(b). In order to assess whether the difference
in performance between the ViT and CNN models was due to noise, a simulation of the DLWFS
was developed.

The same procedure as described for the experimental data was used to generate a random
set of the first 18 Zernike polynomials (excluding piston, tip and tilt). We note that the Zernike
coefficients used to generate the simulated data are not identical to those used to generate the
experimental data, allowing the models to be tested on two distinct but related data sets, one with
and one without noise. These were then used as aberrations on a beam with Gaussian transverse
spatial profile and wavelength 633 nm located at the front focal plane of a lens of focal length
500 mm. The aberrated beam was then propagated to the back focal plane via a Fourier transform,
such that the propagation grid size matched the finite size of the camera pixels and the resulting
normalized intensity distribution was recorded. The field in the out-of-focus-plane was then
calculated by forward propagating the field from the back focal plane a distance 7 cm using the
angular spectrum method. The field was then resampled such that the grid size matched the
size of the camera pixels at this plane, and the normalized intensity distribution was recorded.
The resulting focal-plane and out-of-focal-plane images were then concatenated to make an
image of shape (200,200,2). This procedure was repeated until a dataset of 100,000 noise-free
concatenated images was obtained.

Figure 6 shows an example of the simulated and experimental in-focus and out-of-focus
intensity distributions. For both experimental and simulated beams, the Zernike coefficients
shown in Table 1 were used, with very good agreement observed between the simulated and
experimental intensity distributions.

Following the same procedure as for the experimental data, the complete simulated dataset
was then downsampled from (200, 200, 2) to (100, 100, 2), (64, 64,2), (32, 32,2), and (16, 16, 2)
to produce 5 simulated datasets each consisting of 100,000 noise-free concatenated images.
Both ViT and CNN models were then trained on each of these datatsets 5 times. The resulting
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performance of the models is shown in Fig. 5(b) for different levels of downsampling. As
expected, due to the absence of noise, the RMSE returned by both models using the simulated
datasets is lower than for the corresponding experimental datasets. It is also seen, consistent with
the behaviour observed in the experimental data, that the ViT outperforms the CNN when images
are downsampled below (64, 64,2). The results of these simulations demonstrate that the ability
of the ViT to outperform the CNN model when trained using lower resolution images is not due
to a difference in the noise sensitivities of the models, rather a feature of their fundamentally
different architectures.

So far, only the total RMSE across all Zernike modes has been considered when comparing
the performance of both models. To examine the data in more detail the RMSE per Zernike mode
was also investigated. Fig. 7 shows the RMSE per Zernike mode for each of the experimental and
simulated datasets using both models. From the results for the experimental datasets (200, 200, 2),
(100, 100, 2) and (64,64, 2), shown in Fig. 7(a), (c) and (e), respectively, it is seen that the
CNN performs better than the ViT across all the Zernike modes considered, although this
outperformance diminishes with increased downsampling. It is also seen that both models exhibit
similar variation of the RMSE across all of the Zernike modes considered.

However, when the experimental datasets are downsampled to (32, 32, 2) a different behaviour
emerges, with the ViT achieving a lower RMSE that the CNN for the two highest order Zernike
modes considered (20 and 21). For orders lower than this the same behaviour as observed
previously is seen, with the CNN providing a slightly better performance than the ViT and both
models showing similar variation across Zernike modes. This effect becomes more significant
when downsampling is increased to (16, 16,2). In this case the ViT achieves a significantly lower
RMSE than the CNN for all Zernike modes greater than 11. Below this order the RMSE value
and variation across modes is similar for both models.

For the simulated datasets the behaviour is initially more complex. For the (200,200, 2),
(100, 100, 2) and (64, 64, 2) datatsets, shown in Fig. 7(b), (d) and (f), respectively, the ViT yields
a lower RMSE than the CNN for several Zernike modes, despite the total RMSE being greater
than for the CNN, as shown in Fig. 5. However, as the data is downsampled to (32,32,2)
and (16, 16, 2) it is clear that for the higher order modes the ViT achieves a significantly lower
RMSE than the CNN, mirroring the behaviour observed in the experimental dataset. Both the
experimental and simulation results indicate that the ViT’s ability to outperform the CNN, when
data is downsampled significantly, stems from the former’s ability to more accurately predict the
contributions from the higher-order Zernike polynomials.

The training time for both models, for both experimental and simulated data, was also
investigated for different levels of downsampling, and the results are summarized in Table 2.
In each case, the full dataset of 100,000 concatenated images was used. It can be seen that
there is considerable variation in training time between the models, with the ViT taking up to
approximately twice a long to train as the CNN for the experimental data, and up to approximately
four times as long for the simulated data, depending on the level of downsampling. However,
the training time of the ViT depends heavily on patch size, and it is possible that this could
be reduced by optimizing this parameter. The inference time, taken as the average per-image
inference time measured over the 10,000-image test set, is also shown. We note that these times
are for the simulation of the uniform intensity beam discussed below. For both the ViT and CNN
the inference time decreases with image size, with similar values from both models.

The results presented so far have used a beam with a Gaussian transverse profile and wavefront
described by Zernike polynomials. However, the Zernike polynomials are only orthogonal over
a unit circle, such that weighting by a Gaussian results in the loss of orthogonality and can
result in cross-coupling of aberrations [47]. To assess the impact of this, 100,000 concatenated
images were simulated for the case of a circular beam at the SLM with a uniform top-hat intensity
profile. In this case the orthogonality of the Zernike polynomials is maintained. The same data



Research Article Vol. 34, No. 4/23 Feb 2026/ Optics Express 6464

Optics EXPRESS

0.03
A -8- CNN -@- CNN
o.10/(a) i (200x200) A= VIT (b) (200x200) —d= b
HEY
I\ F -A
\ =2 £
0.08|—+— e\ fA
) AN 1D 0.02 g e tie |/} >
! 11\ } / =LY RS
= ARV S o B t by QY \\
Z 0.06 A NNA A K IR N BRSE2 & PP S )
A ‘L / \ “,A« A e\ A=A ‘L "l \ / \\\ pe
~ \ 7’ 4 = 7
aal 1§ Y (O SR AN e BT i R o
. /. pape =) Nk
¢
0.10
4 -e- CNN -e- CNN
(c) & (100x100) —a- VT | 0.020 (d) (100x100) cam VIT
It 0‘"’«\\ A-3
0.08 =4 A -\'/f = » -
| / \ = .
w RN /,‘\'\‘ 0.015 ‘\\ A f L yeg” .\.._.—.” L
s IR i N i
% 0.06 W Al r=a \ I i
i ‘i\i,’ \\ /e AR iy A ol
M ~4 WAL N . | 0.010 Voo \ A 4
s (.. I\ = (- v / ‘\ /
0.04] /A ¢ \ _‘:“’/ k-4 | S \ 'A——‘
& | == Py
¢ 0.005
4 -e- CNN -e- CNN
o10/(e) | (64x64) Toovr | 0.04/(f) -+ (64x64) a- T
Iy 1 1
h 4 [
in A=y I
\ ] \
0.08 e 0.03 _‘/*. R
8 AR A L0 el
= R A oy e i
-4 N ) / . 1 \ Py
0.06 i - W g 0.02 [ \ Ara A
f N \ Y 2 i \ Vi o7
/ L] Y Al \ = b | a7 ST oy
/ el 7 vl 4 \ L4 /
/7 244 \ & = =\ A=k
/ \ _ A= ~ /
0.04 :, s 5 0.01 ="
0.08
-@- CNN h
(32x32) e VT (h) (32x32)
0.06 z ] d
0 \ ¢
w / _A 4 I
) P .—,l-‘ ao 0
2 i ! 0.04 £~ N N ) ;
o A I |\ Ir,' n nd A s\
7 144 e e % 4 v e
AR 1 e} \* e /
-~ _l o /3 1 1 = 7
‘\:":3' \‘X\* j 0-02) - onn “A/“{' ‘\ A=k
) S7 -a- v B4 p 'y
0.15 =
H -@- CNN . -@- CNN
0.15{(i) A +-e (16x16) —a- VIT (J) (16x16) ;' " —a- VIT
1 1 -
M 1 012 i e
ozl | &N § R [N A [ /
AV LY
W L i 1L -2 | 0,091 &4 f’\\ ! -4
2 a i TSR » \ AR
= 0.0 i \ 3 i A d % ‘\\‘ \ ! | !
. i \p=ei N * 0.06 Y \ { 1 =
i 13 = / e .
¢ S, = ) W Ly 4|4 4
A=A \ / ‘P“‘ = \ I /
0.06 LA 0.03 et = [T
A=y | 'Y

456 7 8 9101112131415161718192021

456 7 8 9101112131415161718192021
Zernike polynomial (Noll index)

Zernike polynomial (Noll index)

Fig. 7. RMSE per Zernike mode for CNN (circles) and ViT (triangles) models trained
on 100,000 concatenated images for experimental data (left column) and simulated data
(right column) at resolutions: (a) and (b) (200, 200, 2), (c) and (d) (100, 100, 2), (e) and (f)
(64,64,2), (g) and (h), (32,32,2), (i) and (j) (16, 16, 2).
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Table 2. Training times for experimental and simulated data and average per-image inference time
for simulated data.

Model Image Size Patch Size Training Time Training Time Inference Time
Experiment Simulation Simulation
(Pixels) (Pixels) (Minutes) (Minutes) (ms)
(200, 200) (10, 10) 137+ 6 150 + 30 1.5
(100, 100) (5,95) 143 +8 160 + 10 14
ViT (64, 64) “4.4 77+3 93+9 0.87
(32,32) (2,2) 75+4 100 + 10 0.85
(16, 16) (2,2) 47+3 23+4 0.75
(200, 200) 134+ 6 130 +20 1.3
(100, 100) 69 +4 55+4 0.96
CNN (64, 64) 70+2 55+5 0.67
(32,32) 49 +2 28 +4 0.84
(16, 16) 24 +7 24 +7 0.83

generation and training, validation and testing procedures as previously described were followed,
with the exception that each model was run once at each resolution, rather than 5 times, as only
marginal variations between runs were observed previously, as shown in Fig. 5(b).

The performance of both models, in terms of the total RMSE as a function of image resolution,
is shown in Fig. 8(a). The CNN exhibits very similar behaviour to the case of Gaussian
illumination (Fig. 5(b)) with a steep increase in RMSE being observed for images downsampled
below (64, 64,2). However, in contrast to the case of Gaussian illumination, the performance of
the ViT is now seen to be much more robust to decreasing image resolution, with only small
changes in RMSE observed when images are downsampled below (64, 64,2). In Fig. 8(b) the
RMSE per Zernike mode at each resolution is shown for both models. Consistent with the results
shown for the case of Gaussian illumination (Fig. 7), the ViT can outperform the CNN by its
ability to more accurately predict the contributions from higher-order Zernike polynomials.
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Fig. 8. (a) Comparison of model performance against downsampling for simulated data for

the case of a uniformly illuminated pupil. (b) RMSE per Zernike mode for CNN and ViT
models at each image resolution tested.

These results indicate that, although the ViT can outperform the more widely used CNN, for
optimal performance an appropriate basis should be considered. For example, Zernike-Gauss
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polynomials may be more appropriate for the case of apodized pupils [47], or Zernike-like
Laguerre Gaussian polynomials for elliptical geometries [48]. A detailed study of the impact of
basis set on ViT performance will be the subject of a future experiment.

5. Conclusion

The development of machine learning models provides new opportunities for accelerating
aberration measurement and correction in DLWES applications, however, it is not yet clear which
machine learning model is best suited for a given application. In this paper the performance of a
dual-plane DLWEFS employing the recently developed ViT architecture has been compared with
the CNN architecture typically used in DLWES applications. Without downsampling, the CNN
outperformed the ViT in most of the scenarios investigated. However, for significant levels of
downsampling the ViT could outperform the CNN due to the former’s ability to more accurately
predict the contributions from higher order Zernike polynomials. This behaviour was also
observed in the simulation, demonstrating that this feature is intrinsic to the models rather than a
consequence of noise sensitivity. A challenge of this setup, common with other DLWFS methods,
is that it has been trained for a specific experimental geometry. Changes to focussing conditions,
or significant misalignments, would likely require retraining. However, our results indicate that
ViTs may have an advantage over CNNs in cases where data is significantly downsampled, for
example, to boost training and inference times [21]. In this work the optimization of the ViT
parameters was not investigated in detail, suggesting that further improvements could be achieved
through hyperparameter tuning and use of appropriate basis sets. Future work will also focus
on pretraining the ViT to further enhance performance, as well as the use of recently developed
hybrid ViT-CNN [37], which leverage the best features of both models.
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