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Figure 1. Framework of OpticalNet. Drawing an analogy to modular construction, where small units could be assembled to create larger
complex objects, we build the OpticalNet dataset that deconstructs arbitrary-shaped objects into basic building blocks—small n x n grid
regions consisting of squares with sizes below the diffraction limit. This dataset is collected through microscopy imaging via sample
scanning, and we can train a deep-learning-based model to predict object images using diffraction images as inputs. With the trained model,
we translate diffraction images of complex-shaped objects into their corresponding object images for each spatial position and assemble
these modular predictions accordingly to reconstruct the complete structures, enabling subwavelength imaging beyond the diffraction limit.

Abstract

Optical imaging capable of resolving nanoscale features
would revolutionize scientific research and engineering ap-
plications across biomedicine, smart manufacturing, and
semiconductor quality control. However, due to the physical
phenomenon of diffraction, the optical resolution is limited
to approximately half the wavelength of light, which impedes
the observation of subwavelength objects such as the native
state coronavirus, typically smaller than 200 nm. Fortunately,
deep learning methods have shown remarkable potential in
uncovering underlying patterns within data, promising to
overcome the diffraction limit by revealing the mapping pat-
tern between diffraction images and their corresponding
ground truth object images. However, the absence of suit-
able datasets has hindered progress in this field—collecting
high-quality optical data of subwavelength objects is highly
difficult as these objects are inherently invisible under con-
ventional microscopy, making it impossible to perform stan-

dard visual calibration and drift correction. Therefore, we
provide the first general optical imaging dataset based on
the “building block” concept for challenging the diffraction
limit. Drawing an analogy to modular construction princi-
ples, we construct a comprehensive optical imaging dataset
comprising subwavelength fundamental elements, i.e., small
square units that can be assembled into larger and more
complex objects. We then frame the task as an image-to-
image translation task and evaluate various vision methods.
Experimental results validate our “building block” concept,
demonstrating that models trained on basic square units can
effectively generalize to realistic, more complex unseen ob-
Jjects. Most importantly, by highlighting this underexplored
Al-for-science area and its potential, we aspire to advance
optical science by fostering collaboration with the vision
and machine learning communities.

*Equal contributions.
®Corresponding to Yewen Li <yewen001 @e.ntu.edu.sg>.
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1. Introduction

The opportunity to glimpse the wonders of the tiny world
with one’s eyes has fascinated researchers for millennia.
From rudimentary magnifying glasses of ancient times to
today’s advanced microscopes, this journey has given rise
to the fields of optical imaging and microscopy [12, 62],
which have become indispensable tools in fundamental re-
search and engineering applications, such as biostructure
imaging [5, 67, 71] and precision manufacturing [86, 119].
However, the wave nature of light manifests in diffraction
[115], a universal phenomenon that becomes particularly
pronounced when light waves interact with structures of
dimensions comparable to the wavelength, fundamentally
limiting the observation resolution in optical systems. An
illustrative explanation is provided in Fig. 2. This limitation,
known as the diffraction limit [87], constrains the minimum
observable feature in the imaging plane to a subwavelength
scale d = \/(2NA), where \ denotes the illumination wave-
length and NA is the numerical aperture. Consequently, con-
ventional optical microscopy using visible light is restricted
to a spatial resolution of approximately 200 ~ 250 nm [31].

This constraint led to electron microscopy (EM) [24] de-
velopment, which achieves atomic-scale resolution[48, 90]
but requires complex sample preparation and vacuum envi-
ronments [11, 73]. More critically, the irreversible radiation
damage from high-energy electron beams prevents their ap-
plication in real-time imaging of live biological entities in
their native state such as the inspection of the SARS-CoV-2
virus [23, 104]. In contrast, optical microscopy enables non-
invasive, real-time observation with simple sample prepa-
ration and prolonged observation capability [9, 92, 115],
although its resolution is fundamentally constrained by the
diffraction limit. To overcome this limitation while preserv-
ing optical advantages, various optical super-resolution tech-
niques have been developed. Notably, super-resolution fluo-
rescence microscopy [36, 84], recognized by the 2014 No-
bel Prize in Chemistry [8], achieved resolution of tens of
nanometers. However, this approach requires invasive fluo-
rescence tagging and complex sample preparation [7, 17],
compromising the inherent benefits of optical imaging and
limiting its application in real-time imaging and semiconduc-
tor metrology [26, 69]. This prompts a fundamental question:
“Can we see objects beyond the diffraction limit with only
conventional microscopy?”’

Fortunately, deep learning methods have shown remark-
able potential in uncovering the underlying patterns within
data [50]. In addition, the ability of neural networks to ef-
ficiently solve the inverse scattering problem has also been
demonstrated [93], providing a solid theoretical foundation
for using deep learning[30, 99]. Therefore, this insight en-
ables us to resolve optical imaging at subwavelength reso-
lution in an end-to-end image-to-image translation manner
[39, 100, 118]. The interaction of light with objects creates
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Figure 2. Illustration of the diffraction limit. Similar to how digi-
tal images cannot have infinitely small pixels, an ideal point light
source inevitably diffracts into a finite-sized Airy disk in the imag-
ing plane. Then, two adjacent diffraction spots become indistin-
guishable when their separation falls below a certain threshold.

diffraction images that contain transformed detailed metro-
logical information about the objects being observed, such
as shape, size, and position [15, 78, 95]. Such metrological
information of an object being observed could be represented
by a 2D image, termed object image. Given the diffraction
images, neural networks can be directly utilized to decode
them to the ground truth object image. With the help of vision
algorithms, such an end-to-end approach requires no sample
modification or tagging, operates at low light intensities to
avoid photobleaching and does not rely on non-linear light-
matter interactions [3]. This presents a distinct advantage
over existing optical methods for overcoming the diffraction
limit, even owning the potential to achieve molecular and
atomic-scale resolution of live biological entities [56].

Deep learning methods require extensive training data.
However, to the best of our knowledge, there exists no open-
source subwavelength imaging dataset serving the general
purpose of addressing fundamental diffraction limit chal-
lenges. While several microscopic image datasets do exist,
they are highly domain-specific and constrained to particular
imaging targets, such as observing biological cells [70, 107]
and conducting lithic use-wear analysis [110] at scales larger
than the subwavelength. Additionally, the diversity in optical
setups, data formats, and experimental configurations among
these datasets prevents them from being collectively used
to train models that can generalize to observing different
and complex objects. This lack of a high-quality, generaliz-
able dataset significantly hinders the advancement of optical
imaging beyond the diffraction limit. Therefore, there is an
urgent need for an open-source microscopic dataset at the
subwavelength scale that can be widely used by the vision
and machine learning communities.

To provide a dataset that could be generalizable, we adopt
a building blocks approach where fundamental subwave-
length square elements can be assembled into arbitrary com-
plex shapes.
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Our contributions are summarized as follows:

¢ In collaboration with top optical scientists, we provide
the first optical building blocks concept imaging dataset
beyond the diffraction limit. This required extremely care-
ful design and precise execution using advanced Focused
Ion Beam (FIB) technology at nanometer-scale preci-
sion, alongside a high-precision custom-built microscopy
system with sophisticated stabilization methods. Given
the significant costs involved, we also provide simula-
tion code for proof-of-concept testing before conducting
actual experiments.

e To evaluate the generalization ability of the trained
model, we provide two special testing sets with deeply
subwavelength-scale features: i) “Light” testing set for
evaluating the performance in observing objects with ar-
bitrary shapes; and ii) “Siemens Star” (SS) testing set for
evaluation on arbitrary rotations and arbitrary size.

* For algorithm benchmarking, we formulate the problem
as an image-to-image translation task, specifically pixel-
level binary classification. Through evaluating a wide
range of vision methods, we gain important insights for
future research—notably, transformers focusing on global
information outperform CNN-based methods in handling
environmental noise. Experimental results demonstrate
the feasibility of our concept, enabling the possibility of
overcoming the diffraction limit with traditional optical
microscopy.

By open-sourcing this optical imaging dataset and bench-
mark, we seek to encourage interdisciplinary collaboration
between optical science and computer vision communities to
address current challenges in subwavelength optical imaging.
This dataset provides a foundation for exploring computa-
tional approaches that enhance conventional microscopy’s
capabilities beyond the diffraction limit. Such advancements
could potentially benefit a wide range of applications where
high-resolution imaging is critical, including biological spec-
imen analysis such as virus screening and industrial applica-
tions like semiconductor quality control.

2. Related Work

Optical Methods to Challenge the Diffraction Limit.
Traditional optical methods like scanning near-field opti-
cal microscopy [44] offer high resolution but require inva-
sive near-field probes and cannot image internal structures.
Fluorescence-based methods [34, 52] achieve nanometer
resolution but require invasive fluorescent labeling. Ptychog-
raphy [14, 63, 83, 85] represents a promising alternative
achieves subwavelength resolution but faces challenges in-
cluding long acquisition times, computational intensity for
phase retrieval algorithms. These limitations have spurred
interest in Al-enhanced solutions[3, 77, 80, 97]. Recent ad-
vances show that Al-enabled methods can achieve deep sub-
wavelength resolution through non-invasive far-field mea-

surements without complex post-processing [57, 76, 96,
101, 102], demonstrating a promising direction in optical
research.

Image-to-image Translation. Image-to-image translation
[39, 100, 118] is a core computer vision task aimed to learn
mappings between input and output images, facilitating tasks
like image segmentation [58, 64], style transfer [45, 61, 88,
109, 118], image colorization [19, 38, 41, 49, 51, 112], and
image restoration [74, 103, 111, 113]. Outstanding perfor-
mance has been achieved on common objects, such as medi-
cal segmentation using U-Net [82] through end-to-end train-
ing. However, most approaches rely on the premise that the
correspondence between inputs and outputs can be visually
discernible, for instance, segmenting pixels into categories or
transferring visual styles without changing objects’ structure.
However, in optical research, such direct visual correspon-
dence is not always observable with traditional microscopy.
To bridge this gap and complement existing tasks, we intro-
duce a new vision challenge: translating diffracted images to
clear object images at the subwavelength level.
Microscopic Image Datasets. In the realm of vision tasks
involving microscopic images, numerous applications span
various scientific disciplines [1, 2, 6, 10, 18, 20, 25, 28, 37,
42, 43, 47, 53, 54, 65, 66, 75, 105, 108, 114, 116]. Rep-
resentative studies include research on bacteria [98], bio-
logical cells [13, 16, 40], tissue types [94], and material
structures [32, 110]. Each application presents unique chal-
lenges, particularly in terms of the high-level detail and
precision required in the images. These challenges are often
compounded by issues such as ambiguity in object proper-
ties and variations in sensing modalities. To address these
challenges, our approach includes a versatile framework
that supports both fundamental atomic objects and practical
objects across simulated and realistic modalities. A key dis-
tinction to existing datasets is the provision of an easy-to-use
simulation procedure for generating synthetic samples with
diverse object properties and sensing modalities, considering
the prohibitive cost of creating new image samples. This
approach allows researchers to economically validate new
ideas via simulation, before the costly experimental sample
acquisition, thereby conserving resources and human effort.

3. OpticalNet Dataset

Our primary contribution is the provision of a comprehen-
sive optical imaging dataset, that combines the theoretical
simulation data for systematic exploration and experimen-
tal data for real-world verification. Termed the OpticalNet,
the dataset comprises fundamental square unit samples that
can be assembled to form objects of arbitrary and complex
shapes. This foundational dataset contains image-to-image
translation relationships between elementary square objects
and their corresponding diffraction images, providing the
basis for training neural networks to translate diffraction im-
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ages back to their corresponding central elementary geomet-
ric structures, namely object images. We provide a dataset
datasheet [27] in Appendix A.

3.1. Data Acquisition

(c) Siemens star (d) Diffraction images  (€) Microscopy setup in acoustic chamber

Figure 3. a~d: Fabricated samples and the diffraction images; e:
High-precision microscopy for data acquisition.

Given the large size of object samples and the limited
reception field of a camera, we adopt a practical approach
of photographing only sub-regions of an object sample at a
time. This method leverages the knowledge that any complex
object forming an object image can be systematically de-
composed through spatial scanning into smaller sub-regions,
each producing its own diffraction image.

Sample Fabrication. We fabricate our samples using a
high-precision dual-beam FIB system [79], a nanofabrication
technique extensively used across various sectors, including
semiconductor manufacturing and quantum computing. This
system employs a focused ion beam to precisely mill ma-
terial, complemented by an integrated electron microscope
that enables monitoring of the fabrication process. The sam-
ples are prepared on a 130 nm Au film on a glass coverslip,
a configuration commonly used in optical and electronic
devices. The fabrication process produces three types of
representative test samples: the Block sample, consisting
of squares that are uniform in size (180 nm) and positioned
randomly without overlapping; a calligraphic "Light" sample
demonstrating complex curved features and geometries; and
a Siemens star—a benchmark for testing optical resolution
[35], characterized by a radial pattern of periodic straight
lines. These samples are shown in Fig. 3.

High-Quality Microscopic Imaging. To obtain high-quality
subwavelength optical imaging data for each sub-region sam-
ple, we employ an ultra-precision custom-built microscopy
system and carefully design a set of stabilization methods
to enable long-term stable high-precision imaging with min-
imal mechanical drift and environment noise, as depicted
in Fig. 3. This system utilizes a coherent light source of
633nm wavelength in a vertically aligned configuration to
achieving an effective pixel size of 41.7 nm on the sample
plane. A linearly polarized beam of light is then focused
onto the sample plane through a high-numerical-aperture
objective mounted on a precision piezoelectric stage. The
detection scheme adopts a symmetric configuration, where

the transmitted intensity diffraction signals are detected with
a high-sensitivity sSCMOS camera positioned in the far-field
regime. The optical path is mechanically stabilized through
a commercial vibration isolation system, and the acoustic
chamber enclosing the whole optical setup significantly at-
tenuates environmental noise across the acoustic frequency
range. We leave more details of the optical imaging process,
such as the positioning accuracy method of the optical imag-
ing system, in Appendix C. With extensive high-precision
and stabilization measures, as well as operation by profes-
sional optical scientists, we have ensured the quality of the
collected dataset to the best of our efforts.

Simulation Framework for Proof of Concept. As the realis-
tic data creation process is slow and highly costly, we present
an open-source computational framework for simulating op-
tical field propagation using the angular spectrum method
[60]. This framework provides simulation of light-matter in-
teractions and diffraction phenomena. Developed entirely in
Python, this framework combines computational efficiency
(~ 1 second per instance on an AMD EPYC 7742) with user-
friendliness, enabling researchers to easily modify and ex-
tend the codebase for various applications. Researchers can
fine-tune illumination characteristics, e.g., wavelength, and
customize sample properties to match specific experimental
conditions. Using our OpticalNet dataset as a benchmark, the
framework allows researchers to assess how variations in the
physical size and shapes of samples influence model perfor-
mance and generalization capabilities, by simply inputting
binary mask images of the desired structures. The framework
then generates the corresponding diffraction images, which
researchers can use alongside object images to train neural
networks and evaluate their performance on the provided
samples, serving as a proof of concept before conducting
realistic experiments.

3.2. Data Characteristics and Analysis

Categories of the Datasets. We categorize the dataset into
three groups: Block dataset, Light dataset, and Siemens Star
(SS) dataset. Detailed information can be found in Table 1.
The diffraction images are sized 64 x 64 while the object
images are provided in three different scales: 3x3, 5x5, and
7x7. The Block dataset serves as the training set, where ob-
ject images of large scale can be built up from the square
units within this dataset. The latter two are used to assess the
generalization of the trained model. The “Light” dataset fea-
tures complex curved boundaries and irregular structural ele-
ments with multiple scale ranges of sub-wavelength features
that exceed the resolution limits of traditional optical mi-
croscopy. This dataset is useful for determining if the model
has genuinely learned the underlying physics of diffraction
rather than merely memorizing specific geometric images
from the Block dataset. The SS dataset features a 36-spoke
Siemens star pattern, serving as a standardized benchmark to
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Figure 4. (a) An optical Block with random surroundings demon-
strates how the diffraction image is influenced by square units
outside the target 3x3 region. (b) Different sizes of optical Blocks
are used to investigate how varying sizes of ground truth images
affect the model’s ability.

Table 1. Dataset categories, usage, and the number of data points
for training and testing.

Dataset Block  Light SS
For training? v X X
Simulation # training samples 12,068 - -
# testing samples 1,000 4,356 4,356
Experiment # training samples 26,316 - -
# testing samples 4,356 4,356 4,356

test the optical imaging resolution ability of models across
continuous size variations and arbitrary angular orientations.

As illustrated in Fig. 4, while the incident light field ex-
hibits maximum intensity within a 3x3 central block area
defined by its Full Width at Half Maximum (FWHM), a
diffraction image is not simply determined by this area but
is a complex interference including contributions from the
surroundings. This fact makes the task significantly challeng-
ing, prompting us to explore the optimal size of the ground
truth object images. Therefore, a key design of the dataset
is the provision of 3 sizes of ground truth images, including
3x3, 5x5, and 7x7. In the 3x3 case, the trained model must
focus on the central part while contending with the influence
of the surroundings. Conversely, in the 7x7 case, the model
may receive insufficient information to accurately predict
all square units due to the diminished light intensity on the
outer edges. According to the number of white squares, the
statistics of realistic experiment data are shown in Fig. 5. The
statistics of simulation data are presented in Appendix C.1.
Note that, the high number of all-black blocks and the low
number of blocks containing a large number of white squares
are due to the scanning process, explained in Appendix C.2.
Difficulty Level by the Dataset. The simpler scenario fo-
cuses on sub-wavelength OpticalNet Block data. By training
on the Block dataset and testing on previously unseen testing
samples of similar structures, we assess the model’s ability
to learn fundamental diffraction principles in elementary
square units. On the other hand, the hard case is the model’s
generalization learned from the Block in uniform size and
orientation to objects of arbitrary size and direction. This in-
cludes the SS and Light datasets. In particular, the SS dataset,

featuring the Siemens Star presents the most significant chal-
lenge. The manufactured Siemens Star sample includes 36
spokes arranged uniformly across 360°, with the distance
between them decreasing continuously from the outer edge
to the center, testing the model’s capability to resolve details
at various scales and directions.

4. Task Definition: Image-to-Image Translation

With the collected data, we now define our task as an image-
to-image translation problem characterized by a mapping
function Fy : RIVWixd o RIWxL parameterized by a
neural network ¢. This function F is designed to trans-
form input diffraction images into outputs that approximate
the corresponding ground truth object images. Formally,
our dataset comprises /N diffraction images, denoted as
{x; e RECWixIAN “and their respective ground truth ob-
ject images denoted as {y; € RE>W>*11N_ To optimize our
image translation mapping function ¥, we define a funda-
mental loss function for training:

1 N
=NZ€(}-($2‘)7%)7 (1)
i=1

where £(-,-) is a loss function quantifying the discrepancy
between the model’s predicted image F(x;) and the corre-
sponding ground truth image y;.

As the ground truth object image y; uses binary values to
indicate object presence at each pixel, we employ the Binary
Cross-Entropy (BCE) loss function:

EIZ

h 1 w=
+(1- y?“”) log(1 - F(z:) ")), ()

UF (), yi) = (hw) log F () ()

where F(z;)**) and y(h ) denote the predicted and
ground truth values at pixel location (h,w), respectively.
The neural network parameterizing F could be optimized us-
ing gradient-based techniques, such as SGD [81] and Adam
[46], to minimize Lz in Eq. 1 over the training dataset. Once
trained, this model is capable of predicting object images
from previously unseen diffraction images. Though others
may also use regression methods or even generative methods
to model Eq. 1, to maintain simplicity in this study, we have
particularly chosen to define the task of translating a diffrac-
tion image to a ground truth object image as a pixel-level
binary classification problem and leave the exploration of
other modeling methods in the future work.

Evaluation Using Stiching A simple procedure assessing
the quality or visualizing the final output could utilize a
threshold A that converts the predicted probabilities from F
into binary classification images directly. Each pixel in the
output image is labeled as either occupied by the object (1)
or not (0), based on the predicted probability relative to this
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The threshold A is typically chosen based on validation per-
formance or set to a default value such as 0.5.

Since our scanning process is moving at one square every
step, a specific square unit’s prediction could utilize all the
block images that could cover it to enhance the prediction.
As shown in Fig. 6, for a unit position (k,!) (marked as the
red square), its output is related to multiple object images
that can reach this position. For each object image of them, it
could generate a corresponding diffraction image, and then
we use a model taking this diffraction image as input, we
would get a prediction image that contains the prediction
for the location (%, ). Finally, we average the prediction on
localization (k,!) using these block images. Therefore, we
propose an enhanced evaluation and visualization procedure
using a stitching process. Formally, this procedure could be
expressed as

Yemmpte = B[ F (@) &), )
where X’ denotes a set of the diffraction images x,, whose
corresponding object image could cover the localization
(k, 1) of a whole big sample, and (k’,1") denotes the relevant
position in the prediction image F (). After this stitching
process, we could then apply the same binary procedure in
Eq. 3 to get the final binary classification result.

A

Figure 6. Illustration for the stitching. For the 3x3 block config-
uration setting, each target location (red box) is covered by nine
overlapping block images (yellow box).
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Figure 5. Distribution showing the count of white squares (etched regions to allow light transmission) within the experimental Block
dataset. The orange bars represent additional all-black object images (unetched substrates) included in the dataset to help the model learn to
discriminate environmental noise from actual object features.

Table 2. Comparisons of models trained on simulation Block dataset
evaluated on different test sets. Best result is marked in bold.

Block Light SS
acc. F1 JI acc. Fl1 I acc. Fl1 I
ResUNet-a  72.10 6523 6594 7273 6930 65.02 62.13 5220 4481
AttU-Net  75.34 6721 6759 7334 69.18 65.10 61.65 5477 47.30
ResNet-18  81.51 7831 6894 7533 7647 7265 69.19 6399 5272
ResNet-34  83.48 79.44 69.73 75.62 7686 7212 66.12 6028 51.94
transformer 84.77 79.51 7130 75.00 77.62 73.82 69.43 6279 53.19

Method

Ground Truth

Stitched Prediction

(b) Light (c)SS

(a) Block

Figure 7. Visualization of stitched predictions using the transformer
model on the Block datasets.

5. Algorithm Benchmarking

Our experiments engage in comparisons with several state-
of-the-art vision models on our OpticalNet dataset. Through
the experiments, we aim to 1) assess the feasibility of us-
ing optical patterns learned from the Block dataset to per-
form image-to-image translation tasks on more complex,
unseen shapes that extend beyond merely small-dimensional
squares, and hence the ability to construct meaningful, gen-
eralized patterns from the learning; 2) evaluate the fidelity
of simulation datasets in reflecting the trends observed in
datasets collected from realistic experiment and hence evalu-
ate the framework’s practical applicability; 3) for vision and
machine learning communities, examine potential trends ex-
hibited by the models to better understand their effectiveness
and application in optimal pattern recognition.

Datasets. These models trained on the Block datasets are
tested against specific Block test sets and generalized test
sets of unseen, more complex object images.

Evaluation Metrics. To evaluate model performance on our
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Table 3. Performance under metrics of models trained on experiment datasets with varying ground truth block dimensions., evaluated across

different test sets. Best result for each configuration is marked in bold.

. . Block Light SS
GTdimension  Method  — co——pr———— = F] 7T acc. FI I
ResUNet-a 67.32 51.18 4570 69.34 67.15 61.92 49.89 35.04 28.39
AttU-Net  68.31 5230 4590 7151 6833 61.20 51.16 36.18 30.16
3x3 ResNet-18  73.70 62.00 56.71 73.95 73.82 7277 5231 4270 39.14
ResNet-34  75.01 61.28 56.46 74.05 7598 71.99 5098 4340 40.35
transformer 80.31 76.33 6690 74.71 76.59 76.34 55.81 47.38 42.89
ResUNet-a 66.17 54.89 45.61 7347 67.04 6032 53.82 36.61 30.16
AttU-Net 68.92 5321 4494 7332 67.89 5945 51.15 3790 32.13
5x5H ResNet-18  73.19 60.35 56.99 7430 7490 69.56 5096 43.07 37.60
ResNet-34  74.09 60.94 57.51 7499 7551 7255 5153 42.16 38.05
transformer 80.17 74.36 63.51 7798 7835 77.49 53,50 48.37 41.84
ResUNet-a 66.12 53.18 43.15 7336 6891 6240 52.64 3821 32.18
AttU-Net 66.35 5437 46.16 71.65 67.74 60.39 51.01 39.05 3290
TxT7 ResNet-18  76.38 63.36 59.31 77.72 75.05 70.63 49.72 44.10 40.88
ResNet-34 7674 64.01 59.58 77.51 74.16 7199 50.67 4475 41.03
transformer 79.95 74.92 62.78 78.11 76.85 7247 52770 48.74 42.44

image-to-image translation task, we employ classification
accuracy, Fl-score, and the Jaccard index (JI), averaged
across the classes to assess the model by the ground truth.
Baseline Methods. We employ a variety of vision backbone
methods, including ResUNet-a [22], Attention U-Net (AttU-
Net) [68], ResNet-18, ResNet-34 [33], and transformer [91].
Implementation Details We train the models using a sin-
gle NVIDIA A100 GPU and PyTorch [72], employing the
Adam optimizer [46]. The initial learning rate is set at le-3,
with a linear decay factor of 0.9 applied every 30 epochs.
Training is conducted over a total of 500 epochs with a mini-
batch size of 16. We set \ to the default value of 0.5 in
Eq. 3. Data augmentation techniques that maintain the in-
herent characteristics of the optical images [29, 59], such as
flips and right-angled rotations, are employed. Specifically,
vertical and horizontal flips are each applied with an equal
probability of occurrence. Rotations in increments of 90° are
uniformly applied across 0, 90, 180, and 270°. Detailed
experimental setup are in Appendix D.

5.1. Results on Simulation Dataset

We first train the model on the Block using the simulation
dataset. As a proof of concept, we utilize a 3 x 3-grid setting
of the Block configuration to validate the idea of building
blocks under the simulation before expanding to datasets
collected from experiments.

Table 2 reports the performance of various models on
the simulated dataset. All models demonstrate strong perfor-
mance on the Block patterns and the out-of-domain Light
test set. The transformer achieves the best overall perfor-
mance across all tests, while ResNet-18 performs better with
the Light logo. Though performance dips on SS test set due
to the models’ difficulties with more subtle pattern variations

T
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Ground Truth
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e o :
MR

Prediction by
ResNet-34

Prediction by
transformer

a) Block - (b) Light (c) SS

Figure 8. Visualization of stitched predictions using ResNet-34
(row 2) and transformer (row 3) on the experimental dataset. In (a),
the transformer achieves a high-fidelity translation of the ground
truth for the Block, whereas ResNet-34’s output appears blurry.
For (b) and (c) transformer resolves the spokes of SS with greater
depth and preserves details of Light like small curves. Notably,
ResNet-34 shows noisy predictions around the Light symbol.

in the central regions, the visualization of the composed
Siemens Star pattern in Fig. 7, shows that the models are
capable of effectively translating its broader components.

Given the encouraging results on the simulation dataset, it
appears that our approach can effectively generalize to more
complex and meaningful patterns. We now aim to extend
this validation to the realistic experimental dataset.
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(a) 3x3 (b) 5%5 (c) 77
Figure 9. Stitched predictions on SS performed by transformers
trained with varying ground truth block dimensions.

5.2. Results on Realistic Experiment Dataset

Building on the findings from the simulated dataset, experi-
ments presented in Table 3 assess the performance of models
trained on realistic experimental datasets with configurations
of 3x3, 5x5, and 7x 7 units of the Block datasets respectively.
From the quantitative result in Table 3 and the qualitative
visualization depicted in Fig. 8, the models demonstrate the
capability to learn the Block patterns, and generalize them to
a broader variety of shapes, effectively translating these into
unseen, more complex shape patterns. We observe minimal
variation in results across the GT block dimensions used
for training. The transformer consistently outperforms other
models on both in-domain Block test sets and broader pat-
tern recognition tasks. While the ResNet-based architectures
previously matched the transformer’s performance in simula-
tions, they exhibit a decline and produce noisy output in the
more complex experimental settings, which are inherently
subject to greater environmental noise. This decline could
be ascribed to the convolutional networks’ focus on local
information and their limited capacity for handling global
information crucial in the optics domain for mitigating sus-
ceptibility to noise [4, 55]. Meanwhile, transformers, which
process longer-term dependencies, may better manage the
noise, potentially explaining their enhanced performance in
realistically collected experimental datasets. Overall, there
remains a high level of consistency in the trends observed
from the simulation to the experiment dataset, validating the
fidelity of the simulation and underscoring the robustness of
our simulation-to-experiment modeling approach.
Additionally, we performed comparative analyses of
stitched predictions using transformers trained on ground
truth blocks of increasing sizes. As shown in Fig. 9, when
the GT block dimensions increase, overall visual quality im-
proves. However, this comes with a tradeoff of increased
noise, particularly observed at the portions of spoke fur-
ther from the center. This may be attributed to more blocks
representing more information channels, but comes with ad-
ditional noise susceptibility and computational complexity.

6. Impact and Limitation

Scientific and Engineering Impact. By integrating Al
with microscopy, our work bridges machine learning with
optical physics. Collaborations between two communities

aim to enhance our understanding of subwavelength phe-
nomena, deepening our insights into the underlying physics
and broadening its applications. For instance, our dataset
could enhance the resolution of viral particles with only a
smartphone-based microscope [67, 89, 104], democratizing
subwavelength imaging and potentially allowing for accurate
remote infectious disease detection via on-chip microscopy
[117]. Additionally, our tagging-free approach eliminates the
need for harmful chemicals used in fluorescent microscopy,
promoting the sustainability of microscopic imaging [106].
Limitation and Future Work. While our OpticalNet
dataset showcases the capability of pixelated imaging be-
yond the diffraction limit, achieving continuous imaging
remains both promising and challenging. Future work could
explore finer resolution with more advanced computer vi-
sion algorithms. Additionally, this building block concept
could be extended to 3D imaging through block stacking
and RGB imaging using varying light wavelength, poten-
tially enabling multi-dimensional, full-color super-resolution
imaging. Moreover, our modest performance on the Siemens
Star test (~ 50% accuracy) reveals room for improvement.
While we successfully capture basic structural information,
the predicted object images still have room for improvement
in resolution and clarity. Future research could leverage ad-
vanced deep learning architectures and image processing
algorithms to further enhance predicted image quality and
resolution. Besides, the challenging sim-to-real task is also
an interesting future work, which may improve cost effi-
ciency by adapting a model trained on simulation data to
realistic data.

7. Conclusion

We introduce a general optical imaging dataset beyond the
diffraction limit and demonstrate that deep learning-based
computer vision methods can effectively translate diffrac-
tion images into object images at subwavelength resolution.
We showed that with the building block concept, models
trained on fundamental square units can generalize to com-
plex shapes. Our work offers a data-driven perspective while
traditional approaches to challenge the diffraction limit have
primarily focused on specialized optical concept. In our
view based on the information theory, the deep learning
training process incorporates prior knowledge that helps ex-
tract hidden subwavelength information from conventional
microscopy data, enabling optical imaging capabilities be-
yond the diffraction limit. While our current implementation
achieves promising results and has uncovered foundational
insights, there remains ample room for exploration in fu-
ture work. By fostering collaboration between the optical
science and computer vision communities, we believe that
the diffraction limit and imaging lens will be the things of
the past, enabling new scientific discoveries and practical
applications at the age of artificial intelligence and big data.
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