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Abstract. Performing fast and accurate metrology parameter extrac-
tion is critical for semiconductor manufacturing and has a direct im-
pact on the yield of the final product. Dark-field Digital Holographic
Microscopy (df-DHM) offers a promising method that allows for the ex-
traction of such parameters, but it’s effectiveness is often hindered by
optical aberrations and coherent imaging effects. This thesis explores
data-driven approaches which directly infer a metrology parameter of in-
terest from df-DHM measurements affected by aberrations, without the
need for any phase measurements. In particular, we investigate the ap-
plication of Vision Transformers (ViTs) and compare the its performance
to other well established architectures such as Convolutional Neural Net-
works (CNNs) and Multilayer Perceptrons (MLPs). We utilize simulated
df-DHM datasets that incorporate a variety of aberrations and coher-
ent imaging effects, and perform extensive experiments to effectively
compare the performance between the models in terms of accuracy, ro-
bustness to aberrations, and data efficiency. We report that our models
are capable of making fast and accurate metrology measurements from
df-DHM images with fixed aberrations, offering similar performance df-
DHM images that feature no aberrations. Furthermore, we find that
ViTs consistently achieve low prediction error, and excel under limited
data regimes compared to our baselines. These findings highlight the
potential ViTs for robust and scalable optical metrology, especially in
real-world semiconductor pipelines where obtaining large, high-quality
labeled datasets can be time consuming and expensive.

Keywords: Vision Transformer · Diffraction-Based Overlay · Digital
Holographic Microscopy

1 Introduction

Semiconductor devices are well-established in our society and are the driving
force behind almost all technology, ranging from consumer electronics to com-
plex systems. Modern micro-chips offer superior computational performance and
are able to perform trillions of calculations per second, enabling real-time pro-
cessing in applications such as self-driving cars and medical imaging. The com-
putational performance gains of semiconductor devices have been driven in large
part by Moore’s law [22], which predicts that the number of transistors in one
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chip approximately doubles every two years. This projection has continued to
guide semiconductor manufacturers for decades to produce micro-devices with
increasingly smaller dimensions, enabling greater functionality, higher processing
speeds, and improved energy efficiency, while maintaining a minimal increase in
production cost. As a result, modern semiconductor manufacturers are able to
cram billions of transistors on a single silicon wafer, which are all distributed
over dozens of layers.
Due to this decrease in feature size, the required precision to align each of these
layers has increased significantly. Measuring this alignment between layers, also
known as overlay (OV), is essential to reduce fabrication errors, which impact the
yield of the final product. Traditionally, OV has been determined using Image-
Based Overlay (IBO). In IBO, an optical microscope produces a high-resolution
image of IBO metrology targets that contain top and bottom edges. Then OV
is measured by comparing the relative distance between edges of both layers.
However, edges on these targets have to be resolvable, which becomes harder
with the continued down scaling of microchips. In fact, visible light sources are
already unable to resolve structures smaller than 190 nanometer, resulting in
blurred images which do not allow any individual edge detection. Light sources
with shorter wavelengths allows for the imaging of smaller structures. However,
this also introduces challenges, as materials such as glass and air increasingly
absorb light at shorter wavelengths, and in turn require more complex optical
setups. Therefore, new methods to measure the overlay error are essential to
meet the sub-nanometer accuracy and precision requirements of modern chips.
Diffraction-based overlay (DBO) is one of these methods, and has become the
dominant method in the industry to measure overlay error. Unlike IBO, DBO
does not rely on imaging individual lines but instead leverages overlay informa-
tion encoded in the intensity differences between the +1st and -1st diffraction
orders of DBO metrology marks, which contain a pair of overlapping gratings.
This allows for accurate overlay measurements when using visible light without
the need to individually resolve structures, making DBO an appropriate candi-
date for measuring overlay on targets with features well below the diffraction-
limit. Additionally, the transition to intensity based overlay measurements al-
lows the use of smaller grating pitches and reduces sensitivity to optical aberra-
tions [5,18], further improving the overlay accuracy. Measuring the +1st and -1st

diffraction orders can be done using a dark-field Digital Holographic Microscope
(df-DHM)[30], which captures the full complex field of a sample. By leveraging
both amplitude and phase of a sample, it becomes possible to computationally
correct for aberrations and coherent imaging effects, which occur due to imper-
fections in the optical setup and the coherent nature of the light source used in
df-DHM. An essential step, because aberrations and coherent imaging effects can
significantly distort intensity measurements, thereby leading to imprecise over-
lay measurements derived from these intensities. Several methods address this
issue by first correcting the aberrated phase maps and then reconstructing the
intensity maps using the corrected phase maps. Despite the success of these ef-
forts, most methods only address certain wavefront aberrations and/or coherent
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noise effects and may introduce additional imperfections, especially when com-
bined. Moreover, these methods increase the computational complexity during
the metrology process, which can be an expensive bottleneck due to the numer-
ous measurements that need to be performed for each waver during the process.
To address the need for an end-to-end method capable of performing accurate
overlay measurements, we explore data-driven solutions which leverage deep neu-
ral networks. More specifically, we propose to leave out any computationally ex-
pensive phase aberration corrections and instead directly model the relationship
between aberrated df-DHM images and overlay measurements. By relying exclu-
sively on intensity measurements during training and inference, we reduce com-
plexity and eliminate the need for phase measurements, which enables the use
of less complex optical systems to obtain intensity measurements. We focus on
the application of Vision Transformers (ViTs) and compare their performance to
traditional computer vision architectures such as Convolutional Neural Networks
(CNNs) and Multi-Layer Perceptrons (MLPs). Unlike these conventional archi-
tectures, ViT treats images as sequences of patches and applies self-attention to
capture long-range dependencies between them. As a result, ViTs incorporate
fewer inductive biases and are able to model context more effectively. We hy-
pothesize that this gives may give them a performance advantage over CNNs
and MLPs. In our experiments, we utilize several simulated datasets and assess
the influence of the DBO target size, wavefront errors, model scale, and data
hungriness. Due to the scarcity of experimentally obtained data, we perform ex-
periments on datasets originating from a df-DHM simulator. Furthermore, we
aim to answer the following research questions:

– RQ1: How do model architecture and size affect performance?

– RQ2: How does the magnitude of wavefront aberration impact performance?

– RQ3: How does the DBO target size influence the model’s predictive capa-
bilities.

– RQ4: How does the size of the training dataset affect model performance?

1.1 Contribution

In this thesis, we address the task of inferring overlay errors from (aberrated)
df-DHM intensity measurements by training and evaluating several deep learn-
ing architectures, focusing on the performance of the Vision Transformer. We
summarize our contributions as follows:

– We propose a novel method to directly infer overlay errors without using
phase measurements for aberration calibration/correction.

– We assess the performance when varying the model architecture, model size,
wavefront aberration types, and DBO target sizes.

– We analyze how performance changes by limiting the dataset size.
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2 Background

2.1 Diffraction-Based Overlay

Fig. 1: The symmetric (left) and
asymmetric (right) scattering of
light on a DBO mark. Source:[1]

In Diffraction-Based-Overlay, layer displace-
ment is derived by observing how light scat-
ters from a sample when it is illuminated. The
sample, which is a DBO mark that consists
of stacked overlapping gratings, forms a sym-
metric diffraction pattern around the 0th or-
der when the gratings perfectly align, i.e. have
zero overlay. However, when the gratings do
not form a symmetric composite grating, i.e.
have non-zero overlay, the symmetric scattering properties of the sample breaks,
resulting in measurable intensity differences between the +1st (I+1) and -1st (I-1)
diffraction orders, shown in Fig. 1. For small overlay ranges, the intensity differ-
ences between the diffraction orders scales linearly with OV and is approximately
equal to the product of the overlay error with K(λ) [1]:

∆I = I+1 − I-1 ≈ K(λ)× OV (1)

where K(λ) is a unknown grating parameter which depends on the geometry,
materials, and selected wavelength used for the DBO mark. Removing this grat-
ing parameter from Eq. 1 can be achieved by a careful selection of wavelengths
w.r.t. thickness of the waver, which cancel out K(λ) but may result in unstable
overlay measurements. Alternatively, two pairs of DBO marks with known over-
lay shifts +d and -d can be utilized to extract the overlay parameter [1,18]. By
measuring the intensity differences ∆I+d and ∆I-d for the +d and -d DBO marks
respectively, the grating parameter cancels out and overlay can be determined
as follows:

OV = d
∆I+d +∆I-d
∆I+d −∆I-d

(2)

2.2 Dark-Field Digital Holographic Microscopy

The intensity measurements for both diffraction orders can be obtained by using
a dark-field Digital Holographic Microscope (df-DHM) as demonstrated in [18].
This off-axis df-DHM setup creates a single multiplexed hologram of both the
+1st and -1st diffraction orders in parallel and introduces several other improve-
ments over conventional imaging techniques. Df-DHM constructs the hologram
by leveraging two off-axis illumination beams (one for each diffraction order)
originating from the same coherent source, which constructively/destructively
interfere with the light of their corresponding reference beams and result in two
interference patterns on the image plane. By carefully choosing the angle of the
reference beams, the complex object waves for both diffraction orders become
separated in k-space. This allows to retrieve both complex fields by applying the
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Fig. 2: Df-DHM setup on the left and hologram post-processing steps on the
right. Source: [17]

Fourier transformation to the hologram, selecting the separated sidebands and
shifting them to the center, and finally applying the inverse Fourier Transforma-
tion to both sidebands to retrieve the complex object fields. The full df-DHM
setup and hologram processing steps are shown in Fig. 2. Since both holograms
are acquired in parallel, df-DHM benefits from reduced intensity noise and faster
acquisition times compared to sequential hologram acquisition. Furthermore, the
full numerical aperture (NA) of the image sensor can be used to image both
diffraction orders, enhancing the spatial resolution. Finally, the retrieved com-
plex image allows for post-processing steps to reduce aberrations and coherent
imaging effects, as demonstrated in [17].

2.3 Wavefront Aberrations and Coherent Imaging Effects

Optical aberrations can severely distort the wavefront measured by df-DHM,
which can result in highly inaccurate OV measurements [19]. These aberrations
originate from various sources, such as imperfections in the optical setup, un-
stable measurement conditions, and post-processing steps. For instance, imper-
fections in the curvature of the lens can cause incoming light rays to focus at
different spots after passing through the lens, reducing clarity and resolution.
This is known as a spherical aberration, and can also occur when a different
wavelength is used than the one the lens was designed for [19]. Moreover, lens
imperfections can also result in astigmatism, which happens when perpendicu-
lar light rays have different foci. This can cause the image to become blurred or
stretched along a particular axis. Coma is another aberration which arises when
light rays enter the lens at a certain angle and result in a comet-like blur on
the image plane. This often happens when lenses are misaligned or when off-axis
components are integrated into the optical setup. Other commonly encountered
aberrations include defocus, distortion, and field curvature. Fortunately, wave-
front aberrations can be effectively described using a sequence of polynomials
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known as the Zernike polynomials1. Each mode of the Zernike polynomials de-
scribes a specific type of optical aberration, and the coefficient determines the
magnitude of the aberration.

In addition to wavefront aberrations, df-DHM also suffers from imaging ef-
fects caused by the coherent light source, such as speckle noise, Gibbs ringing,
and optical crosstalk. Speckle noise occurs due to non-reflecting objects present
in the optical setup (e.g. dust), causing visible spots on the image plane and
reducing the contrast. Gibbs ringing can be observed during measurements as
oscillations that appear near the border of metrology targets. These ringing ef-
fects are a result of the sharp cut-off made by the Fourier Transform, which blocks
frequencies at the sampling border of the angular spectrum. Moreover, Gibbs-
ringing propagates in every direction and interacts with other nearby structures,
resulting in additional optical crosstalk.

3 Related Work

To our knowledge, directly inferring the overlay from aberrated DHM intensity
measurements is novel, and therefore, limited prior work addressing this ap-
proach is available. In the following section, we first cover conventional methods
to improve overlay measurements. These methods enhance the imaging quality
by correcting aberrations caused by the optical setup, as well as imaging effects
caused by the coherent illumination source used in DHM. We will then discuss
research that incorporates deep learning to correct for optical aberrations and
coherent noise.

3.1 DHM Aberration Correction and Noise Reduction

Various methods have been proposed to compensate for aberrations present in
DHM measurements and mainly rely on optical setup optimizations and/or nu-
merical algorithms. For instance, spherical aberrations has been compensated in
the past with the use of optical modifications such as telecentric arrangements
[29,31], the addition of a second MO in the reference arm [15], and a second ad-
justable lens as a condenser lens [26]. Despite their effectiveness, these methods
often introduce additional complexity to the optical setup, require precise cali-
bration, or limit the flexibility of the imaging system. Alternatively, numerical
methods leverage the complex field of the holograms to computationally correct
for aberrations without the need for hardware modifications. Most numerical
methods achieve this using reference conjugated holograms [4], surface fitting
methods [20,21,24], double exposure methods [8], and phase masks [3,8]. Despite
the ability of these methods to compensate for a wider range of aberrations,
they impose extra computation and unreliable behavior when applied to highly
aberrated holograms.

Noise caused by the coherent illumination source can effectively be reduced
using a variety of methods. Optical modifications often reduce the coherence
1 https://en.wikipedia.org/wiki/Zernike_polynomials
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of the illumination source by using low spatial coherent sources [2,9,17]. On
the downside, lowering coherence may decrease focal depth and lead to in-
cremental difficulty in adjusting the light configuration. On the other hand,
averaging multiple holograms obtained through various optical methods (also
known as hologram multiplexing) has also proven to be beneficial [7,28,33] and
is well-researched. Unfortunately, taking multiple measurements under different
conditions is time-consuming and requires intricate setups. Additionally, sev-
eral image processing techniques have been proposed to numerically compensate
for coherent noise effects such as speckle, which can be compensated by using
mean/median filtering [10], filtering the Fourier plane by shifting a band-pass
filter [16], or utilizing window functions [17,23]. However, these methods result
in a reduction of spatial resolution due to information loss.

3.2 Deep Learning for DHM

Several works leverage deep neural networks to correct wavefront aberrations
in DHM measurements [11,13,14,25,27]. Most methods achieve this by estimat-
ing the coefficients of the Zernike polynomials, which are then used to subtract
the aberrations from the measured wavefront. For example, [25] used a U-Net
CNN architecture to predict background regions in aberrated phase maps, from
which the Zernike coefficients are derived and used to compensate the aberrated
wavefront error in the frequency domain. Similarly, [11] also uses a CNN to pre-
dict Zernike coefficients, but performs the coefficient extraction and aberration
compensation before phase unwrapping. Even though both methods report im-
pressive results, their reliance on Zernike polynomial fitting and intermediate
processing steps increases computational complexity. A different method is pre-
sented in [27], where an end-to-end deep learning framework called HRNet is
used to reconstruct amplitude, phase, and two-sectional objects. They do not
rely on background separation or Zernike polynomial fitting, but use a ResNet-
like architecture to reconstruct noise-free images from raw inputs. Moreover, [13]
also corrects for optical aberrations, but uses a ResNet50 module to first iden-
tify the different types of aberrations present in the phase map, along with their
aberration coefficients. These are then fed into a U-Net module that constructs
the unaberrated phase image. Coherent noise effects, for example speckle noise,
has also been successfully suppressed in several works using deep learning, where
most methods use a CNN architecture to reconstruct clean phase images from
noisy DHM phase measurements. In [12], a U-Net architecture with residual con-
nections is trained to reduce speckle noise, using noisy and noise-free DHM phase
image pairs. They evaluate their method on several datasets by using gaussian
noise to obtain the noisy and noise-free phase image pairs. The work of [35] also
uses a CNN to suppress speckle noise from noisy and noise-free image pairs, but
applies their model on the wrapped phase and evaluate on both simulations and
experimental data. Self-supervised learning has also been applied to coherent
noise reduction in DHM, and has the advantage that no noise-free image has
to be provided during training. The work of [36] outlines an algorithm to train
a denoising model by maximizing the maximum likelihood estimate of pairs of
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images with random noise distributions. They also use a U-Net backbone and
report good performance on both simulated and experimental datasets.

4 Methodology

This section outlines the methodology used to conduct our experiments. We start
by introducing the Multi-Layer perceptron and the Convolutional Neural Net-
work, which serve as baselines for our experiments. We will use their performance
to evaluate the strengths and weaknesses of the Vision Transformer, which we
cover next. Models are implemented in Python using the PyTorch library.

4.1 Multi-Layer Perceptron

The Multi-Layer Perceptron is a neural network composed of multiple layers
of perceptrons. Each perceptron applies a linear transformation to the values
from the previous layer, followed by a non-linear activation function. Each layer
is fully connected to the preceding layer through a weight matrix W (l), which
determines the weighted combination of neuron values from the previous layer.
The neuron activations at layer l is shown in Eq. 3:

z(l) = f(A(l−1)W (l) + b(l)) (3)

where:

– z(l) ∈ RN×D is the activation matrix at layer l

– W (l) ∈ RP×D is the weight matrix at layer l

– A(l−1) ∈ RN×P is the activations from layer l − 1

– b(l) ∈ RD is the bias vector at layer l

– f(·) is a non-linear activation function

At the first hidden layer, the activations of the previous layer are initialized as
the input features, i.e. A(0) = X. The activation function at the output layer
is task-dependent, and is in most cases the identity function or the Softmax
function for regression tasks and classification tasks respectively.

Implementation. We construct a simple MLP that consists of 3 hidden layers,
with ReLU activations applied after each hidden layer in the network. Before our
first linear layer, we convert our input to a column vector, by flattening along
width, height, and channel dimensions. This column vector is then projected to
the specified hidden dimension by the first hidden layer, continued by a projec-
tion that maintains the dimensionality of the input, and then followed by a final
projection to a single scalar value.
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4.2 Convolutional Neural Network

Convolutional Neural Networks extract features by applying convolutions over
(multi-dimensional) data using learnable kernels. These kernels perform local
linear transformations over sliding windows of the input data. Each kernel is a set
of weights that is shared across all spatial locations of the previous layer, making
CNNs more parameter-efficient compared to MLPS. In addition to activation
functions, other components such as pooling layers, fully connected layers, and
normalization layers are often part of the CNN architecture. Padding is also
frequently used, which ensures that information near the boundaries is retained
after the convolution. Stride controls the step size of the sliding window, and
can be set equal to the kernel size to obtain non-overlapping receptive fields. If
we assume a simple convolution that features no padding and a stride of one, we
can define the convolution of a two-dimensional kernel K over a two-dimensional
input I by using the cross-correlation operator ⋆, as shown in Eq. 4:

(I ⋆ K)[i, j] =

M-1∑
m=0

N-1∑
n=0

I[i+m, j + n]K[m,n] (4)

where:

– I ∈ RH×W is a two-dimensional input.
– K ∈ RM×N is a two-dimensional kernel.
– (I ⋆ K) ∈ R(H−M+1)×(W−N+1) is the output feature map.

Implementation. Our CNN features a stack of convolutional blocks, which
halve the spatial resolutions of the input and produce ci ∈ [32, 64, 128, 256, 512]
feature maps after each block i. Blocks apply a two-dimensional convolution, a
ReLU activation function, and a two-dimensional max-pooling operation. Con-
volutions use a kernel size of 3, stride of 1, and add 1 padding token near the
borders of the inputs to ensure that spatial dimensionalities are retained after

Fig. 3: Architecture of a CNN with 3 convolutional blocks.
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the operation. The max pooling operation uses a kernel size of 2 which halve
the spatial resolutions. After the convolutional blocks, we apply average pooling
over the spatial resolutions and use a MLP regression head which first doubles
the amount of feature maps before projection to a single value, using a ReLU
activation in between the layers. The CNN architecture is shown in Fig. 3.

4.3 Vision Transformer

Vision Transformer is an adaptation specifically designed for Computer Vision
(CV) tasks build upon the Transformer [32] architecture introduced in 2017.
While the original Transformer was developed for textual data and functions
by handling sequences of tokens, Vision Transformers extends this concept by
treating images as a sequence of flattened patches. These patches are linearly
embedded to D dimensional vectors and incorporated with learned position em-
beddings, to serve as input to a conventional Transformer encoder. By treating
images as sequences of patches, the number of required deviations from the orig-
inal work was kept at a minimum.

The Transformer encoder consists of multiple layers, which contain a multi-
head self-attention block and a MLP block. To stabilize training, layer normaliza-
tion is applied before each component, and residual connections are added after
each component. The encoder uses a scaled dot-product attention mechanism,
which computes attention scores over all the elements in the input sequence.
To compute these, inputs are projected to Query, Key, and Value matrices of
dimensions dk and dv for Q/K and V matrices respectively (Eq. 5). Then, a
weighted sum is taken over de values, where weights are determined by a simi-
larity function (dot-product) between the queries and their corresponding keys.
The weights are computed by applying the Softmax over the outputs scaled by√
dk (Eq. 6). This scaling factor controls the magnitude of the dot product as d

increases, reducing gradients vanishing as a result of the Softmax. In multi-head
attention, h self-attention operations are applied by projecting the inputs to h
dk and dv matrices. These operations are applied in parallel, concatenated over
dv, and finally projected back to D dimensions (Eq. 7).

Qi = XWQ
i ; Ki = XWK

i ; Vi = XWV
i ; for 1, ..., h (5)

ATTi(Qi,Ki, Vi) = Softmax
(
QiK

T
i√

dk

)
Vi (6)

MH-ATT = Concat (ATT1, ...,ATTh)W
O (7)

where:

– X ∈ RN×D are the N embedded patches
– WQ

i ∈ RD×dk ;WK
i ∈ RD×dk ;WV

i ∈ RD×dv are the Q, K, and V weights
– WO ∈ Rhdv×D are the output weights

Implementation Our implementation of the ViT closely follows the method-
ology described in [6] with some slight modifications. We first divide the image
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Fig. 4: Architecture of the Vision Transformer.

into non-overlapping patches by applying a two-dimensional convolution with a
kernel size and stride equal to 32. We then add learned positional embeddings
to the patch embeddings before feeding them to the Transformer encoder lay-
ers. These encoder layers utilize pre-layer normalization as described in [34] to
remove the need for a warm-up stage during training and use GeLU activations
in their MLP modules. We then project to a single feature map by using a MLP
equivalent to the MLP as described in Sec. 4.2 with a GeLU activation instead
of ReLU. Finally, we apply average pooling over the feature map to obtain a
single value. An overview of the ViT architecture is shown in Fig. 4.

5 Experiments & Results

The following section outlines the experimental setups and evaluation results
of the experiments carried out during this research. We first elaborate on the
datasets and model variants, followed up by our hyper parameter optimization
strategy which determines the hyper parameter configurations we use throughout
all our experiments. We then continue to discuss the results of our experiments,
which includes the evaluation of model performance when a vast amount of data
is available during training, as well as evaluation of performance in limited-data
regimes.

5.1 Setup

We train all our models from scratch for 250 epochs (unless stated otherwise)
and minimize the mean squared error (MSE) between predicted and ground
truth overlay. In addition to MSE, we keep track of the mean absolute error
(MAE) during evaluation, which is measured in the same unit as the target vari-
able (nanometer). We update our weights using the standard configuration for
the AdamW optimizer, which we combine with a cosine annealing learning rate
scheduler. Additionally, we clip gradients for weights with a magnitude higher
than one and use mixed-precision training to prevent exploding gradients and
reduce memory overhead respectively. All model where implemented in Python
using the PyTorch (Lightning) library and trained on NVIDIA RTX 2070 Super
and/or NVIDIA A100 GPUs.
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Datasets We thoroughly asses the performance of our method for overlay
metrology using several datasets. Each of these datasets originate from df-DHM
simulations implemented in MatLab and contain read noise and shot noise by
default, which emulate the effects of real-world sensor imperfections and photon
behavior. Simulated DBO targets are also surrounded by neighboring struc-
tures, which add CrossTalk imaging effects to the intensity maps. Moreover, we
experiment with different types of wavefront errors, which aim to mimic wave-
front aberrations commonly encountered in df-DHM systems. Since each optical
setup is different and introduces distinct wavefront errors, which remain roughly
constant throughout measurements, we distinguish between the following types
of wavefront errors, which are characterized as different scalings of predefined
coefficients of the first 83 Zernike polynomials.

– Wavefront 0: Images contain no wavefront error
– Wavefront 1: Images contain randomly scaled Zernike coefficients
– Wavefront 2: Images contain identically scaled Zernike coefficients

This approach enables us to evaluate performance on the ideal case (wavefront
0), as well as a more realistic scenario with constant aberrations (wavefront
2). Additionally, the randomly scaled wavefront error (wavefront 1) serves as a
more challenging and unrealistic setting, which can provide valuable insights in
the limitations of our method. To assess the influence of DBO target size, we
apply each type of wavefront error on both the C10 (5 x 5 µm2) and C16 (8 x
8 µm2) DBO targets, resulting in a total of 6 datasets. Each of these datasets
contain a total of 2048 simulated image-label pairs, where the image is a two-
channeled 256 by 256 dimensional tensor representing ±1st diffraction orders,
and the label is one continues value uniformly distributed in the open interval
(-10, 10), serving as the ground-truth overlay value measured in nanometers.
During our experiments, we use 1024 image-label pairs for training and 1024
pairs for evaluation.

Model Variants Since each dataset is relatively small and contains similar
images, choosing the appropriate model size for optimal performance is non-
trivial. We therefore train each architecture at varying scales to observe the
trade-offs between model size and performance. For the baselines, we use two
types of MLPs with 140 and 240 hidden neurons per layer, and use three types
of CNNs with varying amount of convolutional blocks ranging from 3 to 5. These
configurations result in 15M and 30M for the MLPs, and 0.1M, 0.5M, and 2M for

Table 1: ViT Model Configurations
Model Hidden Dim Heads Layers MLP Factor
vit_500K 96 2 4 2
vit_1M 120 4 6 2
vit_5M 240 6 8 3
vit_15M 360 8 10 4
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the CNNs. All vision transformers use fixed patch size of 32, resulting in a total
sequence length of 64 for a 256 by 256 image. Furthermore, ViTs are trained
across 4 different scales by varying the hidden dimension, number of attention
heads, number of transformer layers, and MLP dimensions (calculated as MLP
Factor × hidden Dim). Configurations are shown in Table 1.

Hyper Parameter Tuning To ensure equal evaluation conditions, we con-
duct extensive hyper parameter search for all model variants, optimizing both
the learning rate and weight decay. We refrain from optimizing for all datasets
and instead lay our focus on the wavefront 0 error, since optimizing on the other
wavefront errors may result in over-specific hyper parameter configurations. Ad-
ditionally, by only focusing on the non-aberrated case, we allow ourselves to as-
sess whether the hyper parameters generalize well to different types of wavefront
errors. However, we do differentiate between target sizes and search for hyper
parameters for both the C10 and C16 targets separately, since early testing in-
dicated significant differences between target sizes. Optimization was performed
using Bayesian optimization, more specifically we used Tree-structured Parzen
Estimaton (TPE) algorithm as implemented in Optuna. For each trial, we train
each model for 75 epochs on random subsets (75%) of the training data and use
the rest for validation. Final parameter configurations were determined after 25
trials and can be found in Appendix A.

Computational Time Evaluation The following section evaluates the compu-
tational cost of each model during training and inference. To ensure fair compar-
isons, we eliminate the overhead of logging, data loading, and other non-essential
operations by only recording the timing of forward and backward passes on ran-
domly generated data. Table 2 summarizes average runtime performance for
sequential and batched inference, as well as batched training. All measurements
were performed on a single NVIDIA RTX 2070 Super GPU, were repeated 100
times, and underwent 10 warm-up rounds to account for initialization. Inference

Table 2: Computational costs for each model
Model Sequential Inference Batched Inference Batched Training

(ms/image) (ms/image) (s/1024 images)
conv_100K 0.505 0.394 1.196
conv_500K 0.540 0.441 1.335
conv_2M 0.505 0.472 1.441
mlp_15M 0.200 0.012 0.155
mlp_30M 0.330 0.020 0.219
vit_500K 2.904 0.059 0.260
vit_1M 3.223 0.069 0.333
vit_5M 4.492 0.177 0.657
vit_15M 5.197 0.435 1.490
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time is reported in milliseconds per image, and is measured for both sequential
(batch=1) and batched (batch=64) inputs. Considering the sequential case, we
observe that all models process inputs in less than a few milliseconds. ViTs show
significantly slower inference compared to CNNs and MLPs in the sequential set-
ting, with processing times for the smallest model being almost 9 times higher
than the largest MLP model. This decrease in inference speed will mainly be due
to complexity of the attention mechanism of ViT, but other factors (e.g. lack of
optimization for single inputs) could also have had an impact. When shifting to
batched inference, we noticed that the processing time of ViTs improved dramat-
ically. In contrast to sequential inference, ViTs offer per image processing speeds
well below a single millisecond on batched inputs across all model scales. This
suggests that despite the high cost of self-attention, ViTs scale well under paral-
lel inputs, making them more efficient than most CNNs. MLPs have the fastest
image throughput, and perform well on both sequential and batched inputs due
to its simple structure. Since the models are relatively small, training progresses
quickly across all architectures, with batched (batch=64) training times remain-
ing under 1.5 seconds per 1024 images. We find that MLPs are again the most
efficient, but they are closely followed by the smaller ViTs, which can traverse a
full epoch (without validation) in less than a second.

5.2 Full Dataset Evaluation

We first consider the performance of the models on the bigger C16 target. Table
3 shows the MSE (nm2) and MAE (nm) over the different wavefront errors and
model types, we achieve on average sub-nanometer precision across all wave-
front errors and model types. Initially, we observe similar performance between
wavefront 0 and wavefront 2 errors, which suggests that models can still achieve
competitive performance when df-DHM measurements are severely aberrated,
as long as the aberrations remain roughly constant. Results for the wavefront
1 error confirm this behavior, as models exhibit significantly lower performance
across all scales compared to aberration types. This difference in performance

Table 3: Test-loss (mean ±std) for each model on on the C16 Targets. Each
model is trained five times on the full dataset.

Model Wavefront 0 Error Wavefront 1 Error Wavefront 2 Error

MSE (nm2) MAE (nm) MSE (nm2) MAE (nm) MSE (nm2) MAE(nm)

conv_100K 0.003 ±0.001 0.042 ±0.007 0.110 ±0.045 0.256 ±0.051 0.016 ±0.004 0.106 ±0.018

conv_500K 0.002 ±0.001 0.033 ±0.006 0.056 ±0.026 0.180 ±0.041 0.008 ±0.002 0.065 ±0.008

conv_2M 0.005 ±0.001 0.053 ±0.007 0.052 ±0.007 0.181 ±0.014 0.003 ±0.001 0.039 ±0.008

mlp_15M 0.002 ±0.001 0.034 ±0.006 0.016 ±0.001 0.101 ±0.002 0.001 ±0.000 0.024 ±0.006

mlp_30M 0.001 ±0.000 0.022 ±0.001 0.016 ±0.001 0.103 ±0.002 0.001 ±0.000 0.020 ±0.003

vit_500K 0.001 ±0.000 0.029 ±0.001 0.023 ±0.002 0.119 ±0.005 0.003 ±0.000 0.046 ±0.003

vit_1M 0.002 ±0.001 0.037 ±0.007 0.031 ±0.004 0.140 ±0.008 0.003 ±0.001 0.043 ±0.007

vit_5M 0.001 ±0.000 0.019 ±0.001 0.021 ±0.000 0.114 ±0.001 0.002 ±0.000 0.038 ±0.001

vit_15M 0.001 ±0.000 0.020 ±0.001 0.022 ±0.002 0.118 ±0.006 0.001 ±0.000 0.030 ±0.003
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(a) Test results on C16 Target (b) Test results on C10 Target

Fig. 5: Test results for wavefront 1 and 2 errors on the C16 (a) and C10 (b)
targets. Y-axis shows the difference between ground truth and predicted overlay.
Results are achieved by the vit_5M model.

between wavefront errors is further visible in Fig. 5a, where we plot the differ-
ence between predicted and ground truth overlay values (∆OV) for each sample
in the test dataset. The wavefront 1 error clearly shows higher variance and
more scattered errors compared to the wavefront 2 error, which forms a tighter
distribution around 0. This indicates that for randomly scaled wavefront errors,
our models struggle to make consistent overlay predictions for targets with sim-
ilar overlay errors. Our results further show that in general, MLPs consistently
achieve lower losses across wavefront errors. However, ViTs achieve competitive
performance, while being more scalable and containing less parameters compared
to the MLPs. CNNs have the worst performance, but to not greatly deviate from
ViTs or MLPs.

Table 4 shows the results on the C10 targets. Similar to our previous results,
we achieve sub-nanometer precision on average across models and wavefront
errors and again observe the similarity in performance between the wavefront
0 and wavefront 2 errors. However, we perform in almost all cases marginally

Table 4: Test-loss (mean ±std) for each model on on the C10 Targets. Each
model is trained five times on the full dataset

Model Wavefront 0 Error Wavefront 1 Error Wavefront 2 Error

MSE (nm2) MAE (nm) MSE (nm2) MAE (nm) MSE (nm2) MAE (nm)

conv_100K 0.006 ±0.001 0.060 ±0.008 0.089 ±0.008 0.236 ±0.010 0.006 ±0.002 0.060 ±0.009

conv_500K 0.006 ±0.001 0.065 ±0.006 0.109 ±0.014 0.264 ±0.018 0.014 ±0.008 0.087 ±0.028

conv_2M 0.011 ±0.008 0.075 ±0.025 0.124 ±0.042 0.278 ±0.043 0.011 ±0.004 0.082 ±0.016

mlp_15M 0.004 ±0.000 0.050 ±0.003 0.054 ±0.000 0.187 ±0.001 0.004 ±0.001 0.053 ±0.006

mlp_30M 0.006 ±0.002 0.059 ±0.010 0.057 ±0.004 0.193 ±0.006 0.004 ±0.001 0.048 ±0.006

vit_500K 0.003 ±0.001 0.047 ±0.007 0.061 ±0.001 0.197 ±0.002 0.005 ±0.000 0.057 ±0.001

vit_1M 0.001 ±0.000 0.030 ±0.001 0.062 ±0.000 0.201 ±0.001 0.005 ±0.000 0.056 ±0.002

vit_5M 0.001 ±0.000 0.030 ±0.001 0.063 ±0.001 0.200 ±0.002 0.004 ±0.000 0.053 ±0.002

vit_15M 0.004 ±0.001 0.052 ±0.006 0.070 ±0.007 0.209 ±0.009 0.007 ±0.002 0.070 ±0.009
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worse compared to the bigger target. This is especially visible for the Wavefront
1 error, as shown in Fig. 6, where a large gap between the C10 and C16 error
can be observed. However, it seems that on average this decrease in performance
behaves as a constant factor that is invariant to the different wavefront errors,

Fig. 6: MAE of each target over
all wavefront errors. Errors are
averaged over model types.

as the MAE error for the C16 targets is ap-
proximately a third smaller than the error
achieved on the C10 targets. Fig. 5b further
demonstrates the difference in performance
between targets, we observe that both wave-
front errors exhibit more variance in their pre-
dictions compared to the C16 targets. More-
over, we notice that scaling the model size has
a more negative effect for the C10 targets, in
particular the CNNs seem to perform worse
when trained at a larger scale. MLPs do ex-
hibit better performance at larger scale, but
the difference is slight and only present on
the wavefront 2 error. For the ViTs, scaling
model size increases performance on both the
wavefront 0 and wavefront 2 errors, but starts
decreasing when scaling over 5 million parameters.

Table 5: Performance of subsets of Wavefront 1 and 2 errors for C16 Target
(MAE)

Error Type Model Train Dataset Size

32 64 128 256 512

Wavefront 1

conv_100K 0.784 ±0.216 0.687 ±0.128 0.569 ±0.108 0.391 ±0.086 0.266 ±0.055

conv_500K 0.813 ±0.183 0.654 ±0.211 0.425 ±0.073 0.368 ±0.053 0.245 ±0.052

conv_2M 2.664 ±0.823 3.046 ±0.480 0.628 ±0.101 0.340 ±0.053 0.248 ±0.024

mlp_15M 0.591 ±0.153 0.518 ±0.160 0.352 ±0.070 0.192 ±0.023 0.123 ±0.006

mlp_30M 1.482 ±0.233 2.017 ±0.430 0.448 ±0.045 0.226 ±0.021 0.129 ±0.005

vit_500K 0.545 ±0.080 0.482 ±0.018 0.283 ±0.041 0.178 ±0.026 0.157 ±0.006

vit_1M 0.718 ±0.203 0.577 ±0.127 0.400 ±0.051 0.252 ±0.034 0.193 ±0.021

vit_5M 0.546 ±0.083 0.424 ±0.061 0.258 ±0.025 0.176 ±0.009 0.134 ±0.004

vit_15M 0.549 ±0.108 0.378 ±0.046 0.254 ±0.047 0.183 ±0.016 0.139 ±0.006

Wavefront 2

conv_100K 0.485 ±0.266 0.305 ±0.114 0.249 ±0.082 0.132 ±0.046 0.099 ±0.015

conv_500K 0.332 ±0.067 0.323 ±0.060 0.158 ±0.035 0.095 ±0.017 0.106 ±0.039

conv_2M 4.939 ±0.082 2.209 ±0.670 0.332 ±0.117 0.104 ±0.054 0.082 ±0.017

mlp_15M 1.084 ±0.183 0.382 ±0.166 0.123 ±0.028 0.057 ±0.027 0.033 ±0.007

mlp_30M 3.520 ±0.691 2.396 ±0.628 0.127 ±0.039 0.064 ±0.021 0.032 ±0.009

vit_500K 0.172 ±0.073 0.116 ±0.037 0.144 ±0.022 0.102 ±0.021 0.063 ±0.004

vit_1M 0.334 ±0.267 0.276 ±0.084 0.142 ±0.072 0.075 ±0.007 0.067 ±0.024

vit_5M 0.122 ±0.021 0.091 ±0.018 0.076 ±0.004 0.060 ±0.009 0.042 ±0.002

vit_15M 0.180 ±0.056 0.174 ±0.049 0.078 ±0.040 0.041 ±0.013 0.032 ±0.006
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5.3 Limited Dataset Evaluation

We now consider the amount of data as limiting factor and perform repeated
experiments to evaluate the models performance when scaling the amount of
training data down to just 32 points. We focus on the wavefront 1 and wavefront
2 datasets, as we already established that similar performance can be achieved
between the wavefront 0 and wavefront 2 errors. Table 5 shows the MAE error
achieved by each model on this target for both wavefront errors on the C16 tar-
get. We observe that all models benefit from more training data, which not only
reduces the average error achieved, but also decreases the variance of the results
between models that share the same architecture and model size. In most cases,
we still obtain nanometer precision on average across wavefront errors, but this
does not hold for the larger CNNs and MLPs at the higher levels of data reduc-
tion. For these models, we observe that some random initializations can result in
plateauing loss curves, indicating non-meaningful learning behavior. ViTs on the
other hand do not show this behavior for the C16 targets, and outperform the
other architectures consistently when little data is available during training, with
improved performance for larger models. This is most noticeable when limiting
the amount of training points to 256 or less, which makes ViTs a robust solu-
tion when data is scarce. MLPs and CNNs can also achieve good performance,
but need more training data compared to ViTs, especially CNNs. Table 6 shows
the results for the C10 target, which follow the same trend observed previously.
Vision Transformers, especially the smaller sized models, offer superior perfor-
mance compared to CNNs and MLPs when limited amount of data is presented
during training. In general, smaller sized models perform better compared to

Table 6: Performance of subsets of Wavefront 1 and 2 errors for C10 Target
(MAE)

Error Type Model Train Dataset Size

32 64 128 256 512

Wavefront 1

conv_100K 1.000 ±0.176 0.875 ±0.152 0.408 ±0.030 0.336 ±0.040 0.274 ±0.008

conv_500K 1.011 ±0.230 1.124 ±0.380 0.416 ±0.061 0.358 ±0.032 0.307 ±0.027

conv_2M 1.078 ±0.352 1.157 ±0.702 0.506 ±0.097 0.378 ±0.030 0.292 ±0.023

mlp_15M 2.994 ±0.091 1.458 ±0.279 0.367 ±0.022 0.219 ±0.008 0.199 ±0.006

mlp_30M 4.680 ±0.253 4.270 ±0.110 0.967 ±0.392 0.261 ±0.023 1.179 ±2.186

vit_500K 0.365 ±0.039 0.374 ±0.028 0.251 ±0.022 0.223 ±0.006 0.206 ±0.002

vit_1M 0.381 ±0.036 0.400 ±0.021 0.276 ±0.005 0.239 ±0.004 0.215 ±0.004

vit_5M 0.419 ±0.017 0.395 ±0.025 0.273 ±0.006 0.232 ±0.009 0.214 ±0.002

vit_15M 4.551 ±0.565 1.677 ±0.780 0.387 ±0.060 0.300 ±0.022 0.228 ±0.007

Wavefront 2

conv_100K 0.191 ±0.054 0.264 ±0.080 0.111 ±0.051 0.115 ±0.025 0.095 ±0.023

conv_500K 0.327 ±0.224 0.262 ±0.107 0.131 ±0.056 0.168 ±0.046 0.093 ±0.031

conv_2M 0.237 ±0.108 0.222 ±0.060 0.162 ±0.047 0.158 ±0.068 0.104 ±0.026

mlp_15M 0.285 ±0.096 0.185 ±0.043 0.135 ±0.061 0.068 ±0.018 0.059 ±0.005

mlp_30M 3.288 ±0.638 3.436 ±0.514 0.254 ±0.124 0.099 ±0.032 0.062 ±0.008

vit_500K 0.103 ±0.018 0.122 ±0.027 0.084 ±0.010 0.070 ±0.000 0.062 ±0.005

vit_1M 0.179 ±0.020 0.197 ±0.016 0.125 ±0.022 0.084 ±0.010 0.066 ±0.004

vit_5M 0.185 ±0.028 0.157 ±0.031 0.108 ±0.014 0.091 ±0.011 0.074 ±0.006

vit_15M 0.621 ±0.391 0.708 ±0.595 0.135 ±0.044 2.062 ±2.636 0.087 ±0.021
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their bigger counterparts, which is less pronounced in the C16 results. This sug-
gests that smaller model sizes may be more effective when target size decreased,
whereas for a bigger target size, performance can benefit from increased model
scale.

6 Conclusion

In this thesis we demonstrated the application of data-driven, end-to-end meth-
ods which directly infer overlay errors from aberrated df-DHM simulations. We
accomplished this by modeling the relation between intensity images and overlay
measurements using various deep learning architectures, bypassing any compu-
tationally expensive aberration correction and coherent imaging effect reduction.
Our main architecture of interest was the Vision Transformer, which we com-
pared to other popular architectures such as Convolutional Neural Networks and
Multilayer Perceptrons. We conducted a comprehensive analysis by training and
evaluating each architecture while varying the DBO target size, wavefront aber-
ration type, model scale, and dataset size.
Our results show that all of the models are capable of making sub-nanometer
accurate overlay predictions on df-DHM measurements when (1) aberrations are
constant, and (2) sufficient data is available during training, achieving perfor-
mance nearly identical to non-aberrated images. This highlights the potential
of real-world deployment of these models in optical systems where aberrations
remain roughly throughout measurements. However, performance significantly
decreased when aberrations fluctuated over measurements, which resulted in
predictions with high variance between DBO targets with similar overlay er-
rors. This clearly shows the limitation of our model’s ability to perform steady
measurements under non-static optical environments that feature fluctuating
aberrations over time. Furthermore, we find that ViTs consistently outperform
CNNs and MLPs in limited-data regimes. In particular, ViTs offer superior per-
formance compared to the other models when the amount of training data was
limited to 256 samples or fewer, which makes them combined with their high
image throughput and fast training speeds an attractive solution for practical
applications. We further quantified the influence of the DBO target size on per-
formance and report that all models exhibit reduced predictive overlay precision
when trained on a smaller target size, even in the ideal unaberrated case. This
observation suggests that reducing the target sizes has a fixed negative effect
on the overlay precision, regardless of present wavefront errors. Additionally, we
notice that larger targets benefit from increased model size, while for the smaller
targets the contrary holds, which is observed in the full and limited-data regime.

7 Discussion

Even though our methods have proven to be effective across a variety of con-
ditions, it is important to acknowledge the limitations of our methods and lay
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out potential improvements for future work. We start by addressing character-
istics our datasets, which differ in many aspects from conventional computer
vision datasets. For instance, the size of our datasets is relatively small and
contains similar images of the same target. Moreover, both the training and
test set originate from the same simulation. These attributes limit the possibil-
ity to effectively evaluate generalization and most likely will result in models
overfitting on the training dataset. While this is not necessarily a problem for
our use case, it would be interesting to see how the models perform when more
variance between images in the datasets is present, as this would add to the
robustness of our methods. Furthermore, our simulations contain image-label
pairs with uniformly distributed ground-truth overlay values. This is not rep-
resentative of real-world df-DHM measurements, where overlay errors close to
0 are more common. Therefore our results might give an idealistic estimate of
performance, especially for our full data experiments. We argue that making the
simulations more representative of experimental data, in terms of content and
label distribution, could provide more realistic insights to the performance dif-
ferences when transitioning from simulations to experimental data. Additionally,
this would contribute to narrowing the domain gap and may open the doors to
obtaining robust results on experimental data while using simulated data during
training. Other potential improvements include making changes to the model’s
architecture, using domain adaptation techniques to further bridge the domain
gap, and incorporating characteristics of the optical setup during the training
process.
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Appendix A Hyperparameters

Model C10 C16

lr weight_decay lr weight_decay

conv_100K 7e-4 5e-2 3e-3 7e-3
conv_500K 9e-5 9e-3 1e-3 4e-3
conv_2M 1e-4 3e-3 4e-5 3e-3
mlp_15M 5e-3 9e-3 4e-3 4e-2
mlp_30M 3e-3 7e-2 9e-4 2e-3
ViT_500K 5e-3 4e-3 1e-3 6e-2
ViT_1M 4e-4 3e-3 1e-3 2e-3
ViT_5M 2e-4 9e-3 1e-5 8e-3
ViT_15M 5e-3 9e-3 1e-3 9e-3

Table 7: Model types and their corresponding parameters for C10 and C16 tar-
gets.
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