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Recently, significant attention has been focused on finding and implementing approaches that would
increase the efficiency of existing computational methods or create fundamentally new ones. One promising
direction is the transition from digital to analog computing schemes, which allow for the design of high-per-
formance specialized architectures based on known physical principles. In particular, a physical system in
which a structure analogous to an artificial neural network can be implemented is a diffractive neural net-
work. However, transferring computations to an analog platform entails the necessity of precise selection of
a mathematical model that adequately accounts for the features of the physical implementation. In this work,
the correctness of numerical modeling of a Fourier-diffractive neural network is experimentally tested, and
the influence of the system configuration on the accuracy of the final computational result is numerically
studied.
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1. INTRODUCTION
The active development of neural networks (NNs)

and machine learning methods creates broad opportu-
nities for their application in various fields of science
and technology [1–3]. In particular, machine learning
opens up many promising research tasks in the field of
photonics [4], including the design and optimization
of optical elements and systems using machine learn-
ing [5–7]. Furthermore, photonic technologies enable
the creation of optical accelerators for neural network
computations [8, 9]. The need for the latter is driven by
the increasing complexity of NN models and the
growing demand for computational resources. Using
classical computers for machine learning tasks is not
an optimal solution, as the von Neumann architecture
is characterized by a limited bandwidth bottleneck
between the processor and memory [10].

To address these challenges, analog computing
devices, particularly optical ones, are being explored
[11]. They offer several advantages over electronic
devices, such as low thermal losses, high speed and
throughput, and ease of implementing parallel com-
putations by utilizing various degrees of freedom
inherent to light signals (wavelength, polarization,
mode) [12]. Building optical NNs can not only accel-
erate computations and improve their energy effi-
ciency but also enable the creation of neuromorphic
architectures that, at the hardware level, reflect the
distributed structure of NNs and fundamentally differ
from the von Neumann paradigm [9, 13, 14].

One widespread configuration for free-space opti-
cal neuromorphic systems is the diffractive neural net-

work (DNN) [15]. As an analog to convolutional neu-
ral networks, this architecture appears promising for
the use in matrix computations and all-optical image
processing [16, 17]. The layers of a DNN consist of
amplitude and/or phase masks, whose parameters
serve as synaptic weights determined during the com-
puter-based training of the network model. This
approach offers great f lexibility, allowing for the
design of task-specific systems with diverse architec-
tures [18] and signal modulation methods [19, 20],
multi-task networks [21], as well as active neural
networks capable of training directly on the optical
setup [22].

When training DNNs, it is necessary to account for
the limited accuracy of mathematical models, as well
as the correctness of their application in describing the
physical phenomena occurring within the optical sys-
tem. For instance, the discrete Fourier transform is
often used to model light propagation in the system,
which, on the one hand, significantly increases calcu-
lation speed, but also imposes specific constraints on
the choice of parameters for the model system, related
to the conditions of its use [23].

This paper focuses on diffractive neural networks
operating in the Fourier domain (FDNN) [24]. This
architecture incorporates the common optical
approach of analog Fourier filtering into DNNs [25,
26]. An experimental study of the correctness of mod-
eling the network elements is performed, along with a
numerical analysis of the influence of various FDNN
parameters on its operational accuracy.
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Fig. 1. (Color online) Schematic of an optical FDNN for
a classification task.
2. STRUCTURE OF THE FDNN

Figure 1 shows a schematic of a typical FDNN
using a network solving the task of classifying hand-
written digits from 1 to 4 as an example. The input
image in the system is formed by a plane light wave
passing through an amplitude mask. The mask has a
profile matching an element from the MNIST data-
base [27] and is located in the front focal plane of a
converging lens. The Fourier transform of the original
image is formed in the back focal plane and is subse-
quently processed by a series of diffractive layers. The
output image from the FDNN is formed by the second
converging lens, which performs the inverse Fourier
transform. In the output plane, each class corresponds
to a specific area of the image (highlighted by red rect-
angles in Fig. 1). The goal of training the FDNN is to
select the geometric parameters of the computational
layers that ensure the focusing of radiation into the
area corresponding to the class of the input image. The
computational layers of the FDNN are phase masks,
each consisting of an array of N × N pixels—regular
rectangular cuboids of varying heights—which act as
optical neurons. According to the Huygens–Fresnel
principle, each point of a diffractive layer can be con-
sidered as a source of secondary waves, whose ampli-
tude and phase are determined by the incident wave

 and the complex transmission coefficient t of
the layer at that point:

(1)

Here, we consider only phase modulation, since the
absorption coefficient of the mask material and its
thickness are small, and it is assumed that absorption
does not contribute significantly to signal modulation.
Therefore, the transmission coefficient in the model
takes the form , where  is the
phase delay acquired by the radiation passing through
the mask. The image obtained at the output of a net-
work layer is formed as a result of the interference of
secondary waves created by the diffractive layer. The
delays introduced by each pixel determine the interfer-
ence conditions and can be considered as synaptic
weights [12, 15].

Thus, for comparison of the mathematical model
operation with the real system, it is necessary to exam-
ine the following stages:

• light propagation within the FDNN optical sys-
tem;

• light focusing using a converging lens;

• light propagation through a phase mask.

Furthermore, important issues are the limitations
imposed on the mathematical model by existing man-
ufacturing technologies and the accuracy of electronic
components, in particular, the sensitivity of the detec-
tion system located in the output plane.
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3. CALCULATION OF RADIATION 
PROPAGATION IN SPACE

To calculate the field distribution during light
propagation over a distance  we will use its angular
spectrum (spatial Fourier transform) [25]:

(2)

where  is the spatial distribution of the elec-
tromagnetic field in the plane of the input image;  is
the radiation wavelength; α, β are the angles between
the wave vector k and the Ox, Oy axes, respectively.

The quantities  and  are the spatial fre-

quencies.

The angular spectra in planes separated by a dis-
tance  are related by the expression:

(3)

From this, the field distribution in plane z can be
found as:

(4)

where  denotes the Fourier transform. Numerical
modeling of light propagation uses the Fast Fourier
Transform (FFT) [28]. The use of FFT determines the
choice of the computational grid step: if the step is too
large, aliasing effects [23] may occur, distorting the
obtained Fourier spectrum, while using too fine step
significantly slows down the calculations. In this work,
a step not exceeding several radiation wavelengths was
chosen, allowing a compromise between computation
speed and accuracy.
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Fig. 2. (Color online) (а) Fourier transforms of a circular aperture with a radius of 900 μm, formed by lenses with different focal
lengths: simulation (top row) and experiment (bottom row). (b) Comparison of simulated (×) and experimental ( ) dependences
of the ring radius in the Fourier transform of the aperture on the ring number.

○

4. MODELING LIGHT FOCUSING
WITH A CONVERGING LENS

Converging lenses are used for direct and inverse
Fourier transforms in the optical neural network. To
obtain the field  directly after the lens, it is
necessary to multiply the field distribution in front of
the lens  by the introduced phase delay [25]:

(5)

The approximation used does not account for the
finite size of the lens aperture and the associated
vignetting effect—the darkening of the image away
from the optical axis—which does not affect accuracy
due to the finite size of the detection area.

To verify the modeling of light propagation in space
and the transformation performed by the lens, Fourier
transforms of a circular aperture were obtained
numerically and experimentally using lenses with dif-
ferent focal lengths (100, 150, and 250 mm). For this
purpose, an experimental setup was assembled con-
sisting of a radiation source (a diode laser with a wave-
length of 676 nm), a beam-expanding lens system to
provide parallel illumination, an aperture with a diam-
eter of 900 μm, a converging lens, and a camera. The
aperture was placed in the front focal plane of the lens;
a camera visualizing the resulting intensity distribu-
tion was placed in the back focal plane. In the numer-
ical simulation, a plane wave was incident on the
aperture. The aperture model was implemented as
follows: radiation passing through the aperture
retained its amplitude and phase; radiation incident
on the opaque part of the aperture was completely
absorbed. The propagation of radiation from the aper-
ture plane to the lens and from the lens to the back
focal plane was calculated using formula (4), and the
phase delay introduced by the lens was calculated
using formula (5).
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The Fourier transform of a circular aperture is a
series of rings, whose size depends on the radius of the
original circle and the focal length of the lens forming
the transform (Fig. 2a). To compare the images
obtained from calculations and experiments, depen-
dences of the ring radii on their number, counting
from the center, were plotted (Fig. 2b). The graph
shows good agreement between the Fourier transforms
obtained using lenses with the same focal lengths. This
allows us to conclude that this method is correct for
calculating the propagation of an optical signal
through a lens in the computer model of the FDNN.

5. MODELING LIGHT PROPAGATION 
THROUGH A PHASE MASK

During the training of the neural network com-
puter model, a matrix of phase delays introduced by
the neurons of the diffractive layer is determined. For
a known refractive index of the mask material  at a
given wavelength  the phase delays  are related to
the pixel heights  as follows:

(6)

where  is the refractive index of the mask surround-
ing medium. The typical heights of mask pixels with a
refractive index  are less than 1 μm. A
method providing the necessary height resolution is
two-photon laser lithography, which has proven effec-
tive for fabricating photonic devices [29], including an
optical linear perceptron [30]. The main advantage of
this technique for DNN applications is the capability
for rapid prototyping of samples with sufficient spatial
resolution for the visible spectral range, which is par-
ticularly promising for designing passive circuits to
solve specific tasks.

To verify the results of calculating light propagation
through a phase mask, a simple system consisting of
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Fig. 3. (Color online) Light diffraction patterns from phase
slits introducing phase shifts of 90° (left) and 270° (right).
For each slit, the results of numerical simulation (color
image—online) are shown on the left, and the experimen-
tal results are on the right.
single-phase slits—strips of material introducing a
constant phase shift—of various thicknesses was cho-
sen. The experimental sample was fabricated on a
cover glass substrate using two-photon laser lithogra-
phy [31] and consisted of a series of strips 4 μm wide,
with thicknesses varying from 0 to 1.2 μm in steps of
0.1 μm; the strip length was about 50 μm, allowing the
system to be considered as one-dimensional one.

Figure 3 shows the radiation propagation pattern
when passing through phase slits introducing phase
shifts approximately equal to 90° and 270°. The
images represent a set of cross-sections of the intensity
distribution at different distances from the studied
object. The experimentally obtained cross-sections
were extracted from a series of images taken while
moving the sample along the optical axis of the system.
This varied the distance between the phase slit and the
objective, allowing the construction of the field distri-
bution on the camera matrix in a plane at a fixed dis-
tance from the slit. In the numerical simulation, it was
assumed that the field immediately in front of the
sample is a plane wave, which acquires a constant
phase delay upon passing through the slit; radiation
passing outside the slit remains unchanged. The field
at the selected distance from the sample was calculated
using formula (4). From the resulting images, similar
to the experiment, cross-sections were extracted and
light propagation patterns were formed.

The presented images show that the experimental
results correspond to the numerical modeling. It can
also be observed that when the phase shift changes, the
intensity maximum in the center of the pattern is
replaced by a minimum, which allows changing the
radiation distribution pattern near the next neural net-
work layer by proper modulation of the thickness of an
individual pixel. This mechanism of the influence of
the phase delay introduced by a pixel on the intensity
of light incident on the pixels of the next layer under-
lies the role of pixel thickness as the synaptic weight of
an optical neuron.

6. PIXEL SIZE OF THE PHASE MASK
The distribution of electromagnetic field intensity

behind the mask is influenced not only by the thick-
nesses of the pixels but also by their lateral dimensions.
Changing the width of a phase slit alters the angles
characterizing the interference maxima and minima,
which can be used to modify the overall network con-
nectivity [32]. However, from the perspective of
designing a complete system, the geometric parame-
ters of phase masks, specifically the size and number
of pixels, are significantly constrained by the fabrica-
tion method. The ratio between the size of the image
incident on the diffractive layer and the pixel size will
affect the network efficiency. This is because a differ-
ent number of optical neurons will participate in pro-
cessing a given portion of the image. In an FDNN, the
Fourier transform of the input image is send to the first
computational layer, and its size can be adapted for
given phase mask parameters by selecting the focal
length of the lens performing the Fourier transform.
To study the influence of the Fourier transform size on
the DNN performance, a model of a two-layer net-
work trained to classify digits from 1 to 4 was chosen.
Phase masks with pixel sizes of 4 and 10 μm and lateral
dimensions of 20 and 8 pixels, respectively, were
selected, allowing the overall system dimensions to be
maintained. Typical scales of the Fourier transforms
and masks in the studied system are shown in Fig. 4a.

Figure 4b shows the training results for networks
using lenses with different focal lengths (the input
image size is fixed). It can be seen that as the focal
length decreases, and consequently the size of the
Fourier transform decreases, the classification accu-
racy increases. This can be explained by the fact that
more spatial harmonics fall on the phase mask,
thereby providing the DNN with more information
about the original image. However, with further
reduction in focal length, accuracy begins to decline,
as the resolution of the phase mask becomes insuffi-
cient to account for finer details of the Fourier spec-
trum, which become smaller than the mask pixels.
This is supported by the fact that with a higher pixel
density in the mask, the accuracy maximum shifts
towards a smaller focal length, corresponding to a
smaller Fourier transform size.

This approach to accounting for the pixel size of
computational layers during the optical system design
phase can also be applied to DNNs operating in real
space. This will allow for the selection of parameters
JETP LETTERS  Vol. 123  No. 2  2026
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Fig. 4. (Color online) (a) Comparison of the sizes of Fou-
rier transforms of different digits (f = 20 сm) and the phase
mask profile. (b) Dependence of classification accuracy on
the lens focal length. The pixel size of the phase mask with
20 × 20 neurons is 4 μm (black curve), with 8 × 8 neu-
rons—10 μm (red curve).

Fig. 5. (Color online) (a) Dependence of the Quality
parameter and classification accuracy on the choice of the
loss function. (b) Example of the network operation for
different values of the ratio between the mean squared
error and cross-entropy in the loss function, correspond-
ing to the dashed lines (1) and (2) in panel (a).
for lens systems or objectives used to form the image in
the plane of the input layer, based on the characteris-
tics of the images in the tasks being solved.

7. ACCOUNTING FOR DETECTOR 
SENSITIVITY

An important parameter of a neural network that
determines the training outcome is the loss function L.
If cross-entropy [2] is used to train the network, the
radiation intensity incident on the detectors differs lit-
tle from the background illumination intensity, mak-
ing measurements difficult. When using the mean
squared error as the loss function, radiation is focused
into the target detector areas, but classification accu-
JETP LETTERS  Vol. 123  No. 2  2026
racy decreases. To leverage the advantages of both
functions, we introduce their linear combination:

(7)

where  is the mean squared error,  is the
cross-entropy,  is a scaling coefficient.

To choose the optimal balance between the two
functions, we introduce a dimensionless quantity
Quality, which accounts for both prediction accuracy
and the contrast between intensities in the target and
non-target areas of the detector. We define this
parameter as:

(8)

where A is the classification accuracy,  is the total
radiation intensity incident on the target detector,  is
the average total intensity on the non-target detectors;
the maximum and minimum values of the quantities
are chosen from the values obtained on the test frag-
ment of the database.

The form of the Quality function was studied using
the example of a single-layer network for binary clas-
sification. While such a system cannot solve more
complex tasks with acceptable accuracy, it provides a
clear way to track the influence of the loss function on
the intensity distribution pattern in the system output
plane. The dependence of the Quality parameter on
the coefficient  is shown in Fig. 5a. It has a
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Fig. 6. (Color online) (a) Schematic illustration of the dis-
cretization concept. (b) Dependence of classification
accuracy on the discretization step of phase mask pixels in
height and phase for various masks. (c) Dependence of
classification accuracy on the amplitude of phase noise.
Dots show the results of numerical simulation, curves
show approximations according to formula (9).
maximum at  = 105, where the classification
accuracy begins to decline, amounting to 95%, while
maintaining good light localization in the detectors.
Figure 5b shows characteristic patterns of intensity distri-
bution in the detector plane, corresponding to a domi-
nant contribution from cross-entropy ( ) on
the left and an increased role of mean squared error
( ) on the right. The images show the
aforementioned features of FDNNs trained using one
of the two considered loss functions.

8. ACCOUNTING FOR HEIGHT 
DISCRETIZATION

When training a DNN model, the phase delays
introduced by the computational layers can vary con-
tinuously. However, any fabricating process implies
finite precision: the minimum step for changing the
pixel heights of the phase masks (the discretization
step) will be limited.

To assess the influence of the limited fabricating
precision of computational layers on the network per-
formance, several phase masks providing different
accuracy levels for a binary classification task in a sin-
gle-layer network were selected. These masks were
used to validate the network model for various discret-
ization steps: the phase delay values introduced by the
pixels of the diffractive layer were rounded to the near-
est discrete values for the chosen step (Fig. 6a). Then,
the classification accuracy with the obtained mask was
evaluated on a validation set (Fig. 6b). It is evident that
across a wide range of phase discretization step values
(from 0 to π/2) the accuracy changes slightly. With
further increase in the discretization step, binary clas-
sification accuracy drops sharply to 0.5, which corre-
sponds to random guessing. The observed behavior
can be interpreted using the results of modeling light
diffraction on a single pixel. The magnitude of the
introduced phase delay influences the field distribu-
tion behind the pixel, with the signal maximum in the
center of the pattern switching to a minimum at a
phase delay value of around . Thus, as the discretiza-
tion step increases, the proportion of pixels for which
rounding changes the characteristic field distribution
behind them also increases. However, for a step not
exceeding π/2, the proportion of such pixels is small,
which provides some freedom in choosing the manu-
facturing method due to the limited requirements for
its resolution.

For masks discretized in phase delays with a step
size x, the network classification accuracy ( ) can be
estimated as:

(9)

This approximation was chosen based on the following
considerations: maximum accuracy  is observed

α /MSE CE
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α ≥ 5
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in the absence of discretization; the minimum value
for binary classification is 0.5, corresponding to ran-
dom guessing, and is reached in the obtained depen-
dences for a discretization step of about π. Thus,
points  and , can be considered as
known onces, and the decay pattern is well described
by an exponential dependence. In Fig. 6b, the esti-
mates for various masks are indicated by solid curves.
The graph shows that the proposed approximation
aligns with the numerical modeling. This method of
estimating accuracy drop is useful when selecting
experimental parameters is based on the resolution of
the manufacturing method.

Distortion of pixel heights in phase mask systems
can arise not only from the limited precision of the

max( ,0)A π(0.5, )
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manufacturing method but also due to the influence
of random processes. To test the resilience of FDNNs
to such effects, let’s examine the change in classifica-
tion task accuracy when varying an individual pixel’s
height by a random amount. Then, the phase delay ,
introduced by a pixel can be expressed as:

(10)

where  is the phase delay value obtained during
the computer model training;  is the phase noise.
For phase noise whose magnitude is uniformly distrib-
uted on the interval , the dependence
of classification accuracy on the amplitude  has
the form presented in Fig. 6c. The influence of ran-
dom phase noise on classification accuracy is similar
to the effect of pixel height discretization: for phase
deviations within π/2 accuracy decreases insignifi-
cantly; in the interval from π/2 to π a sharp drop is
observed. The quantitative parameters of this drop,
however, depend significantly on the type of noise dis-
tribution, highlighting the importance of considering
the specifics of the arising errors when designing real
devices. The obtained results allow us to conclude that
to preserve the network functionality at a level close to
the theoretical maximum, the manufacturing of phase
masks must ensure the accuracy of forming the phase
delay on an individual pixel to be on the order of π/4.

9. CONCLUSIONS
We have experimentally verified the calculations of

light propagation through the elements of a Fourier-
diffractive neural network, thereby demonstrating the
correctness of the applied approximations and the
applicability of the described mathematical model.
For a single optical neuron—a pixel of the diffractive
layer—the physical basis of the analogy between the
synaptic weight of a neuron and the phase delay intro-
duced by the pixel was illustrated.

The analysis conducted in this work on the influ-
ence of the FDNN configuration on the classification
accuracy enables the consideration of various optical
system parameters impact on network efficiency
during the design phase. A promising direction for the
further research can be the investigation of the depen-
dence of DNN connectivity on the geometric param-
eters of the system of diffractive layers and the wave-
length of the radiation used. Such an assessment can
be useful both from the perspective of designing net-
works with a predetermined connectivity and for sav-
ing computational resources during training.

Furthermore, the work attempted to assess the
influence on network performance of factors typical
for a real optical system. In particular, we demon-
strated a decrease in classification accuracy in a net-
work with discretely varying phase mask pixel heights
and provided a simple method for estimating accuracy

φi

φ φ + Δφmodel= ,i i i

φmodel
i

Δφi

−Δφ +Δφmax max[ , ]
Δφmax
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for a chosen discretization step. The influence of the
loss function choice on the pattern of radiation inten-
sity distribution in the detector plane was shown. The
presented analysis does not exhaust all factors associ-
ated with transitioning from simulation to experiment.
Specifically, for the case of multi-layer DNNs, possi-
ble inaccuracies related to the positioning of diffrac-
tive layers should be considered. The implementation
in FDNNs of training algorithms that increase the sys-
tem robustness to lateral shifts [33] and the investiga-
tion of their influence on network efficiency can con-
stitute the next step in this topic.
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