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Abstract

The optical diffractive neural network (ODNN), based on the free-space propagation of light waves, exhibits significant
ad-vantages, including ultra-high speed, low power consumption, and parallel computation. However, this technology
faces challenges in practical applications, particularly concerning fabrication and alignment accuracy, with stringent re-
quirements on manufacturing processes. In this paper, a class of hybrid optical diffractive neural networks (H-ODNNS) is
designed by constructing continuous passive phase modulation layers using diffraction neurons of varying sizes. Three rep-
resentative tasks (digit recognition, image processing, and wavelength multiplexing) substantiate its superior performance
in enhancing robustness. Compared with network with vaccination (a common method for enhancing robustness), the H-
ODNN does not need vaccination training, the average training time is reduced by approximately 50%, and even achieves
superior performance. Additionally, the larger size of some diffraction neurons, the H-ODNN reduces the complexity of

fabrication and improves manufacturing yield. This work provides a new concept for the design of ODNN.

Keywords Optical diffractive neural network - Physical optics - Direct laser writing

1 Introduction

In recent years, the rapid advancement of computer tech-
nology and hardware has significantly accelerated the
progress of deep learning [1,2]. Although neural networks
exhibit outstanding performance, their computational speed
heavily relies on expensive GPUs, which hinders integra-
tion and miniaturization. All-optical computing refers to
systems that utilize light as both the information carrier and
processing medium, leveraging optical properties such as
intensity, phase, frequency, and polarization to perform in-
formation processing and computation [3—6]. Compared to
conventional computing platforms, optical computing of-
fers notable advantages, including low power consumption,
ultra-high speed, and large-scale parallelism. Building on
research in computer-based deep neural networks and all-
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optical computing, researchers have proposed a novel opti-
cal computing platform known as the optical diffractive
neural network (ODNN) [7-14]. This platform operates on
the principle of free-space light propagation, performing
computational tasks at near-light-speed through a series of
diffraction layers. The framework of ODNN offers greater
design flexibility, enabling it to tackle more complex tasks.
With the continuous efforts of researchers, ODNN has
achieved significant progress across various fields, includ-
ing classification [15-21], image processing [22-24], and
matrix computation [25].

Although ODNNSs offer significant advantages in terms
of speed and power efficiency, it faces substantial chal-
lenges in fabrication and alignment. The neuron size of
ODNN is closely related to its operating wavelength. As
the wavelength decreases, the supported neuron size be-
comes smaller, leading to higher network integration. How-
ever, this also results in greater challenges in fabrication
and alignment. For networks operating in the visible-light
band with neuron sizes about 500 nm, extreme sensitivity
to fabrication and alignment errors becomes a critical limi-
tation that must be addressed for achieving ultra-high inte-
gration and miniaturization. As shown in Fig. la, for the
traditional network structure (the size of the diffraction lay-
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Fig. 1 Tllustration of the optical diffractive neural network. (a) The design principle of hybrid optical diffractive neural network. (b) Compari-

son of training processes between H-ODNN and vaccinated network.

er is fixed), when the number of neurons is large, the ideal
performance is high but the robustness is poor. When the
number of neurons is small, the ideal performance is poor
but the robustness is good. Their ideal performance and ro-
bustness to errors are mutually restrictive. Currently, re-
searchers have attempted to achieve high robustness and
high accuracy by introducing vaccination training into con-
ventional networks with a large number of neurons
[22,26,27]. However, this approach presents two chal-
lenges. On the one hand, it requires comprehensive consid-
eration of various errors, and the training performance is
highly dependent on the specific conditions. On the other
hand, incorporating vaccination training increases the com-
plexity of network training, significantly increasing train-
ing time and degrading overall network performance (Fig.
1b).

In this study, we propose a class of hybrid optical
diffractive neural networks (H-ODNNSs) with high robust-
ness, inspired by the variable hidden layers of the comput-
er-based neural network. Unlike conventional ODNNs, H-
ODNN:Ss incorporate diffractive layers with variable neuron
sizes, as illustrated in Fig. la. The performance of 20 dis-
tinct network configurations (including various hybrid de-
signs and vaccinated network) under different axial and lat-
eral misalignment conditions were evaluated through three
representative tasks (digit recognition, image processing,
and wavelength multiplexing). Results reveal that H-
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ODNN can simultaneously possess high performance and
high robustness. Notably, the N~10 (a configuration of H-
ODNN) demonstrates performance comparable or superior
to vaccinated network across all misalignment conditions,
since N™10 eliminates the need for additional resilience
training, it significantly shortened the overall training time
compared to vaccinated network. Crucially, due to the
large size of neurons in some diffractive layers, the H-
ODNN has relatively lower requirements for fabrication,
which can bring higher yield. This research provides a nov-
el approach to designing ODNNSs, offering advantages in
both fabrication and practical applications.

2 Methods and principles

2.1 Design of H-ODNN

As shown in Fig. 2, the H-ODNN consists of two phase
modulation layers of identical size (W = 1001). To facili-
tate the performance comparison among various network
structures across different studies, we fixed the number of
neurons in one diffraction layer at 100 x 100, while the
other diffraction layer contained m X m neurons (m = 10,
20, ..., 90), forming hybrid structural configurations. The
networks were named N*m based on the position of the
diffraction layer with fewer neurons, where “~” indicates
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Fig.2 2D schematic diagram of the H-ODNN, including structural
parameters and error introduction methods.

that this layer is positioned as the first diffraction layer, and
“+” indicates placement as the second diffraction layer.
When both diffraction layers have 100 x 100 neurons, the
network configuration corresponds to the conventional
structure and is denoted as N°"100. For the total of 19
network structures considered (18 hybrid structures and
one conventional structure), the spacing between layers
was consistently set at 604, and the distance from the sec-
ond diffraction layer to the output plane was fixed at 160A1.
The field transmission function for each layer is defined
as Tj(x,y) = exp(GL;(x,y)), where L;(x,y) is the phase distri-
bution corresponding to the /-th diffraction layer. In the hy-
brid network, the phase distribution can be expressed as:

(L% = et ® L e)

where L; is the phase matrix of the diffraction layer opti-
mized randomly, 7 is a matrix of size p X p consisting en-
tirely of ones and ® is the Kronecker product symbol. The
gradient of the loss function with respect to the phase pa-
rameters is calculated, and the parameters are updated iter-
atively using the gradient descent method to ensure the
convergence of the loss function. The details of forward
propagation and training can be found in the Supplemental
Material.

ODNNs are complex multi-layer diffractive structures,
where fabrication and assembly errors between different
layers constitute critical parameters that influence network
performance. In simulations, the layers of the network are
perfectly aligned according to predefined configurations;
however, in physical implementations, the actual layers of-
ten deviate from their ideal positions. For ODNNs operat-
ing in the terahertz band, the required absolute alignment
precision is relatively low due to their longer operational
wavelengths and larger neuron sizes. In contrast, for

ODNNs working in the visible spectrum, the shorter wave-
lengths result in significantly smaller diffractive neuron di-
mensions (approximately 500 nm), posing substantial ex-
perimental challenges and considerably increasing fabrica-
tion costs. This study primarily investigates two common
types of misalignment errors: lateral and axial misalign-
ments, the introduction methods of the two errors are
shown in Fig. 2. The lateral misalignment is set as the off-
set distance Ay in the y-direction for the second layer; the
axial misalignment is set as the offset distance Ad in the z-
direction between the first layer and the second layer.

2.2 Principle of robustness

The output light field of a plane coherent wave after modu-
lation by an arbitrary diffraction layer can be expressed as:

Us(x,y) = T(f, X)*h(x,y,o, 2)
p'p

where U, is the light field distribution at the output plane,
T is the complex transmittance distribution, p is the scaling
factor related to the size of the neuron, 4 is the convolution
kernel, and z is the diffraction propagation distance.

When there is lateral misalignment in the x or y direction
in the ODNN (taking the y direction as an example), the
output light field can be expressed as:

, x y+A
Uy (x,y) = T(—,y y)*h(x,y,z), 3)
P p

where Ay is the deviation in the y direction. The difference
between the output light field and the ideal light field can
be expressed as:

AlJO (x’)’) = UO, (x»y) - UO (X,Y)

= [T(f,w)—T(f,X)]*h(x,y,z), )
p P pp

expanding the above equation and retaining the first-order
term, we get:

AUs(x.y) = [1 a—TAy] “h(x.y.2), 5)
p 0y

from this expression, it can be seen that as the value of p
increases (when a network with a larger neuron size is
used), the value of léE
p Oy
difference in the output light field AU, will also approach
0, implying that the impact of the lateral misalignment will
be minimized.
When there is an axial misalignment in the ODNN, the
output light field can be expressed as:

dy will approach 0. Therefore, the
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Uy (x.y) = T(f,z)*hu,y,zmz), (6)
PP

where Az is the deviation in the interlayer distance. The
difference between the output light field and the ideal light
field can be expressed as:

AUo(x,y) = Uo' (x,) = Uo(x,y)

= T(f, X) # (h(x,y,2+ 82 = h(x,y,2)), ™
pp
by differentiating this equation, we get:

dAU,(x,y) = l [_BT dx+ _GT dy] *(h(x,y,z+ A7) — h(x,y,2)),
p| ox ay
(3

from this expression, it can be seen that as the value of p
increases, the derivative of the output light field difference
dAUy(x,y) approaches 0. This implies that AU,(x,y) be-
comes more constant, and thus, the effect of the axial mis-
alignment is minimized.

2.3 Principle of network vaccination

In neural network training, the vaccination technique is a
method that enhances a model’s robustness to noise or out-
liers in input data by deliberately introducing controlled
noise or misalignments. The vaccination technique has al-
so been widely applied in the training of ODNNSs. Specifi-
cally, different types of errors are introduced in-to the
training process. Random axial and lateral misalignments,
Dy and D,, are applied to the diffraction layer for vaccina-
tion:

{Dy = U(-Ay,Ay), o)
D, =U(-Az,Az),

where U denotes a random uniform distribution, D, and
D, represent the lateral and axial displacement errors of
diffraction layer, respectively. Additionally, Ay and Az de-
note the maximum error magnitudes for the respective pa-
rameters. In this paper, we conduct vaccination training on
the N°"100, and the network after the training was named
NY2€100.

3 Simulations and verifications

To systematically validate and evaluate the performance
advantages and robustness of the proposed H-ODNNs un-
der physical misalignments, three representative optical
computing tasks in this section are designed, including dig-
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it recognition, image denoising, and wavelength classifica-
tion. For each task, we construct and train 18 different H-
ODNNs, 1 conventional ODNN, and 1 vaccinated ODNN.
The performance of these 20 networks under lateral and ax-
ial misalignments are compared to assess their robustness.
Additionally, the training processes of 4 typical networks
(N~10, N750, N°°"100, NY*€100) are compared, includ-
ing per-epoch training time, convergence epochs, and loss
values, to evaluate optimization difficulty and computa-
tional resource requirements across different structures.
Detailed training configurations for all network structures
corresponding to each task are provided in the Supplemen-
tary Material.

3.1 Digit recognition

Image classification, such as handwritten digit recognition,
is one of the typical applications of ODNNs [15-21], at-
tracting extensive research interest in both model design
and physical implementation. In this section, we design a
class of ODNN for digit image classification (digits O to 5),
as shown in Fig. 3a.

The accuracy (testing set) of the 20 trained networks un-
der lateral and axial misalignments is presented in Fig. 3b
and c, respectively. Under ideal condition, the classifica-
tion accuracy of the 4 selected networks are 88.58%,
90.33%, 91.92%, and 81.75%, respectively. When subject-
ed to lateral misalignments, the 4 networks experience ac-
curacy declines by an average of 1.06%, 12.89%, 30.91%,
and 0.23%, respectively. Under axial misalignments, their
accuracy declines by an average of 0.58%, 4.67%, 11.05%,
and 0.34%, respectively. Here, the average performance
decline is defined as the average difference between the
central performance and the performance under various
misalignment conditions. Under all tested misalignment
conditions, the performance of N™10 consistently surpass-
es that of NY2°100. For these 4 selected networks, the per-
epoch training time, convergence epoch number, and loss
values are shown in Fig. 3d—f, respectively. The per-epoch
training time of network N™10 is 24.5% shorter than that
of NV3€100, while the convergence epochs and loss values
of N™10 are comparable to those of NV*°100. The com-
plete simulation results of 20 types of networks can be
found in the Supplemental Material.

3.2 Image denoising

Image processing is a promising research direction for
ODNNSs. These networks offer significant advantages in
computational power consumption and processing speed
compared to traditional image processing methods [22-24].
In this section, we design a class of ODNN for motion-
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Fig.3 Simulation results of the digit recognition task. (a) The model of digit recognition network. (b) and (c) Accuracy variations of 20 net-
works under different lateral (left) and axial (right) misalignment conditions, respectively. For the 4 networks under consideration, their curves
are bolded. (d)—(f) Comparison of per-epoch training time (left), convergence epochs (middle), and loss values (right) among the 4 representa-

tive networks, respectively.

blurred image restoration, as shown in Fig. 4a.

The peak signal-to-noise ratio (PSNR) variations on the
testing set for the 20 trained networks under lateral and axi-
al misalignments are presented in Fig. 4b and c. Under ide-
al condition, the PSNR values of the 4 selected networks
are 17.39 dB, 18.86 dB, 19.18 dB, and 16.73 dB, respec-
tively. When subjected to lateral misalignments, the PSNR

declines by an average of 0.86 dB, 4.10 dB, 4.47 dB, and
0.09 dB, respectively. Under axial misalignments, the
PSNR declines by an average of 1.16 dB, 2.54 dB, 2.94
dB, and 0.43 dB, respectively. Under small misalignment
levels, the performance of N710 surpasses that of
NY3€100. As the misalignment increases, the performance
of N710 slightly declines but remains comparable to
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Fig.4 Simulation results of the image denoising task. (a) The model of image denoising network. (b) and (c) PSNR variations of 20 networks
under different lateral (b) and axial (c) misalignment conditions, respectively. For the 4 networks under consideration, their curves are bolded.
(d) and (e) The image restoration results of the 4 networks under different lateral and axial errors (the numbers in the figure represent the aver-
age PSNR), from top to bottom are N~10, N~50, N°°100, and N"*°100, respectively. (f)—(h) Comparison of per-epoch training time (f), con-

vergence epochs (g), and loss values (h) among the 4 representative networks, respectively.

NY#€100 overall.

Additionally, we randomly select two digits, “0” and “9”,
from the test set to demonstrate the image restoration ef-
fects of the 4 networks under lateral and axial misalign-
ments. The results are shown in Fig. 4d and e. The per-
epoch training time, convergence epochs, and loss values
for these 4 networks are presented in Fig. 4f-h, respective-
ly. The training time of N™10 is 73.3% shorter than that of
NY#€100, while their convergence epochs and loss values
remain similar. The complete simulation results of 20 types
of networks can be found in the Supplemental Material.

3.3 Wavelength classification

Wavelength multiplexing is an important research di-rec-
tion in the field of diffraction optics. ODNNs for wave-
length multiplexing have attracted significant attention in
recent years [28,29]. In this section, we design a class of
ODNN for two wavelength classification, as illustrated in
Fig. 5a. Figure 5b shows the variations in the proportion of
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target area intensity within the target region for the 20
trained networks under lateral and axial misalignments.
The pro-portion of target area intensity at wavelength A is
defined as:

Z Itotal

where thotal is the total light intensity of the output

(10)

plane, ZI/I is the light intensity within the target area of
wavelength A. For the 4 selected networks under ideal con-
dition, P,, are 91.32%, 94.75%, 94.01%, and 73.67%, re-
spectively; P,, are 88.27%, 93.34%, 94.11%, and 72.82%,
respectively. For the 4 selected networks under lateral mis-
alignments, the P, declines by an average of 3.98%,
33.40%, 39.05%, and 2.37%, respectively; the average P,,
declines by an average of 4.75%, 34.62%, 38.00%, and
4.05%, respectively. For the 4 selected networks under axi-
al misalignments, the average P,, declines by an average of
1.20%, 4.87%, 22.79%, and 5.90%, respectively; the aver-
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age P,, declines by an average of 1.76%, 9.64%, 26.25%,
and 8.02%, respectively.

It is worth noting that under all tested misalignments, the
performance of N"10 consistently surpasses that of
NY3€100. Compared with the previous tasks of digit recog-
nition and image denoising, the vaccinated network shows
poorer noise resistance in wavelength classification. This is
because diffraction propagation is wavelength-dependent,
which increases the complexity of the inoculation training
process. Figure Sc—e show the per-epoch training time,
convergence epochs, and loss values of the 4 net-works, re-
spectively. The training time of N™10 is 56.9% shorter
than that of NY?°100, and the loss value of NY?°100 is
significantly higher than that of N~10.

4 Discussion

In the design of ODNNSs, network performance is often in-
terrelated with its robustness. Under the constraint of fixed
diffraction layer sizes, using smaller diffraction neuron
sizes allows for a large number of trainable units, which is
theoretically beneficial for improving the overall perfor-
mance of the network. However, in practical applications,
various errors that cannot be ignored occur. Smaller
diffraction neurons make the network more sensitive to
these errors, which severely impact the ODNN’s perfor-
mance and hinders its practical application. Although us-
ing larger diffraction neuron sizes enhances the network’s
robustness, it leads to a drastic reduction in the number of
diffraction units, significantly lowering the network’s per-
formance.

In this study, we draw inspiration from the hidden layers
of computational neural networks that contain different
numbers of neurons. By varying the number and size of
diffraction neurons, we design a class of H-ODNNs with
enhanced robustness. These networks are applied to digit
recognition, image denoising, and wavelength classifica-
tion tasks. We simulate the performance variations of 20
different networks, including 18 hybrid networks, 1 con-
ventional network, and 1 vaccinated network, under vari-
ous lateral and axial misalignments across the three tasks.
The simulation results consistently show that introducing
hybrid structure significantly improves the robustness of
ODNNS. In addition, compared with the conventional vac-
cination method, the hybrid structure provides better cen-
tral performance and faster training speed.

It is noteworthy that as the number of diffraction layers
increases, ODNNs also need to consider combining differ-
ent hybrid structures between layers. This aspect should be
further explored in specific studies.
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Importantly, the hybrid structure we proposed can be ap-
plied to the design of any multi-layer diffraction structure
with the aim of improving the robustness of such optical
structures. The hybrid structure provides a new design con-
cept to overcome the limitations imposed by diffraction
neuron sizes, especially in visible-light diffractive net-
works, where diffraction neuron size limitations are severe.
This approach holds great value for the fabrication and
practical application of multi-layer diffraction structures.

Supplementary Information The online version contains supple-
mentary material available at https://doi.org/10.2738/foe.2026.0012.
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