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Optical logical operations demonstrate the key role of optical digital computing, which can perform general-purpose
calculations and possess fast processing speed, low crosstalk, and high throughput. The logic states usually refer to
linear momentums that are distinguished by intensity distributions, which blur the discrimination boundary and
limit its sustainable applications. Here, we introduce orbital angular momentum (OAM) mode logical operations
performed by optical diffractive neural networks (ODNNs). Using the OAM mode as a logic state not only can
improve the parallel processing ability but also enhance the logic distinction and robustness of logical gates owing to
the mode infinity and orthogonality. ODNN combining scalar diffraction theory and deep learning technology is
designed to independently manipulate the mode and spatial position of multiple OAM modes, which allows for
complex multilight modulation functions to respond to logic inputs. We show that few-layer ODNNs successfully
implement the logical operations of AND, OR, NOT, NAND, and NOR in simulations. The logic units of XNOR
and XOR are obtained by cascading the basic logical gates of AND, OR, and NOT, which can further constitute
logical half-adder gates. Our demonstrations may provide a new avenue for optical logical operations and are ex-
pected to promote the practical application of optical digital computing. © 2021 Chinese Laser Press

https://doi.org/10.1364/PRJ.432919

1. INTRODUCTION

Optical computing, which performs numerical computations
on one-dimensional or multidimensional data with light wave
radiation [1,2], exhibits ultrafast computing speed and parallel
computing capability owing to the light-speed propagation and
superposition characteristics of photons [3], and has attracted
extensive attention in augmented reality, autonomous driving
[4], pattern recognition [5], and more. Optical analog calcula-
tions, combined with linear or nonlinear optical elements to
perform continuous function conversions [6], are usually used
for optical imaging [7,8], such as convolution and correlation,
which are bound by limited flexibility and high noise suscep-
tibility [2]. The second class of optical computing is optical
digital calculation, which is implemented by the logical gates
formed by light field propagation and optical modulation,
which can perform general-purpose calculations and avoid
noise accumulation [9]. However, logic states “1” and “0”
are often expressed by the strength of amplitude, where the
poor anti-interference ability, low contrast, and difficulty in

high-order modulation seriously hinder its development. One
approach to improve the performance of logic is to find a suit-
able physical dimension with more orthogonal bases to express
logic variables. Orbital angular momentum (OAM) modes
[10,11] carried by vortex beams have been widely employed
in various fields [12–24] for their mode infinity and orthogo-
nality. The obvious mode distinction, discrimination robust-
ness, and sufficient modulation freedom endow the OAM
with a controllable physical dimension of logic states to im-
prove computing performance and applicability. How the
multiple light fields are independently controlled with diversi-
fied input positions and phases, however, remains elusive in
OAM logic, which ensures responses to input logic states.

Optical logical operations mostly rely on linear interference
[25–28] and nonlinear effects [29,30]. By modulating the basic
physical properties (including phase, amplitude, and polariza-
tion) of incident light using interference theory or optical
nonlinear effects, basic OR and NOT gates were obtained
according to the interference distribution or strength of the
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output intensity [25,31]. These methods modulate intensity
distributions, and the structural integrity of the original light
fields is usually destroyed, which is difficult to maintain and
sustainably transmit the spatial spiral phase front of vortex
beams. The multiplane diffractive structure shows a complex
modulation ability in independently modulating multiple
OAM modes to expand the control dimension and depth of
light fields via multiple wavefront modulation [32,33]. To ob-
tain the diffractive structures, the wavefront matching algo-
rithm [34] is typically used to iteratively calculate the phase
distribution of the light field superimposed by the forward
and backward propagations at each diffraction screen, and
mode conversion among three OAM modes was realized [35].
This algorithm lacks an effective optimization function, and the
phases are optimized only by calculating the conjugate product
of the superimposed fields with a simple matching formula,
causing the iterative process to easily fall into the local optimal
dilemma and leading to a low modulation accuracy. Recently,
optical diffractive neural networks (ODNNs) [36–40] compat-
ible with deep learning and light field modulation capabilities
have been proposed to modulate the OAM mode [41] and
exhibit excellent information processing ability. However, its
modulation target mainly aims at the mode conversion of a
single vortex beam. The construction of OAM logic and the
independent modulation of mode and spatial position of multi-
ple modes remain challenges to be explored in optical digital
computing.

Using mode infinity and orthogonality, we introduce the
OAM logical operations implemented by ODNNs. With a
large phase difference in the wavefronts of the OAM modes
and the protected structural integrity by controlling the angular
momentum, the OAM logical operation can significantly im-
prove the boundary definition, robustness, and computing
power of logic gates. The main difficulty in performing OAM
logical operations is independently modulating multiple light
fields in the spatial position and mode conversion. We design
an ODNN-physical model that combines the scalar diffractive
theory and deep learning technology to calculate the common
multiplane diffractive structure to possess multiple OAMmode
responses and modulation capabilities, which is capable of han-
dling binary and multiary OAM logic operations. The ODNN
model solves the linear response of multiple light fields by link-
ing multilayer phases and amplitudes, and accurately imple-
ments seven basic binary logical operations, AND, OR,
NOT, NAND, NOR, XNOR, and XOR gates, and a half-
adder in simulations. In addition to not destroying the physical
characteristics of input beams and efficiently completing logical
operations, this method can be extended to multiary logical
operations, providing a potential solution for the practical ap-
plication of optical digital computing.

2. PRINCIPLES AND RESULTS

A. OAM Mode Logical Operation with ODNN
OAM contributed by the spiral phase factor exp�ilθ� has mode
infinity and orthogonality, where the topological charge l rep-
resents the order of the OAMmode, and θ is the azimuth angle
[42]. We generated OAM modes using Laguerre-Gaussian
beams with a working wavelength of 1550 nm and a waist

radius of 2 mm. By virtue of the large phase difference in
the wavefronts, the OAM modes are employed as logic states.
According to the operation requirements, we select two OAM
modes with l � 1, 2 to represent logical constants “0” and “1,”
respectively (OAM modes are uniformly represented by logical
constants below).

For binary logical gates, input data mainly include four
states, “00,” “01,” “10,” and “11,” corresponding to four input
light fields permuted and combined by OAM1 and OAM2 in
logical operations, where the subscript indicates the topological
charge value. To differentially control the four light fields, we
construct an ODNN model with updatable phase and ampli-
tude parameters to perform OAM logical operations. Figure 1
shows the light field processing schematic diagram of a k-layer
ODNN, and the construction principle is described in detail in
the “Methods” section. The input data are two OAM modes
incident from different spatial positions, and the main task of
the ODNN is to perform independent modulation of the input
light fields and ensure the transformation satisfies the calcula-
tion rule of logical gates. After wavefront modulation of multi-
ple diffraction screens and diffraction transmission, a vortex
beam carrying one OAM mode is emitted at the center of the
output screen. Similarly, it is expected that the ODNN can
synchronously modulate the mode and spatial position of
the OAM modes. The exceptional logic NOT gate only re-
quires one input port for two input states “0” and “1,” which
is different from the working principle of other logical gates;
this will be introduced in detail below.

B. OAM Logic AND, OR, NOT, NAND, and NOR Gates
We start with the design of the OAM logic AND gate, and the
training dataset of the ODNN, including four light-field pairs,
is shown in Fig. 2. The first row displays the intensity distri-
butions of the input beams, and the period from blue to red
represents the order of the OAM mode. Using A and B to re-
present the two logic variables, the values can take any one of
the two modes (OAM1 and OAM2). The output of the logical
operation can be expressed as

Y � f �A,B�, (1)

where f represents the logical operation function. The ideal
outputs of the logic AND gate are shown in the second row
of Fig. 2, and the logical operations obey the rule of Y � A · B.

Fig. 1. Schematic of OAM mode logical operation based on
ODNN.
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By feeding these four data samples to a four-layer ODNN,
the loss value is decreased by constantly updating and adjusting
the phase and amplitude distributions of diffractive layers, and
the graph of the loss function in training is shown in Fig. 3(a).
During the iterative process, the loss value drops sharply at the
beginning and then stabilizes, which means that the network
model converges continuously as the loss function approaches
zero. After being trained with 8000 iterations, the ODNN can
calculate and match the diffractive structures to independently
modulate the four input fields; the training process took ap-
proximately 20 min with the graphics processing unit, Intel
Core i9-10900k. From the phase and amplitude patterns
trained by the ODNN [see Fig. 3(b)], valid information is
mainly concentrated in the center, which is caused by the input
and output beams that all illuminate the center position.
Theoretically, by designing metasurfaces [43–46] according
to the modulation structure parameters or loading them on spa-
tial light modulators, the OAM logic AND operation can be
implemented experimentally.

Due to the ODNNmodel being trained by four input states
simultaneously, the obtained logic AND gate can accurately re-
sponse and modulate all these states without changing the dif-
fractive structures. The predicted outputs of the ODNN
trained for logic AND operations are displayed in Fig. 4(a),
and the inset in the upper left corner of each subfigure is

the corresponding phase distribution of output. To quantize
the goodness of matching between predicted results and ideal
outputs, we test the mode purity of predicted outputs, which
can be calculated by p � JG∕JT, where JG is the light energy of
the filtered Gaussian beam obtained by degrading the output
beam through a conjugate OAM mode, and JT is the total en-
ergy of the output beam. The mode purities are shown in the
figures as a percentage to represent the prediction accuracy of
the model. These figures show that the obtained light fields on
the observation screen have expected OAM modes, which are
exactly equal to the output mode orders after logic AND op-
eration, and the mode purities exceed 97%. Next, we train an
ODNN with the same input data to implement the logic OR
operation, and the output OAM modes must satisfy the func-
tion of Y � A� B. Figure 4(b) shows the simulated modula-
tion results of the trained ODNN model with k � 4, which
demonstrates that the ODNN solves the response of the multi-
plane diffractive device for the four input beams with different
modulation requirements. For example, the ODNN accurately
completed the logic OR operation of “0� 1” for the OAM1

and OAM2 modes and output OAM2 with a mode purity
of 99.13%.

As a special logical gate, the NOT gate only has two input
states, “0” and “1.” Therefore, the essence of the logic NOT
operation is to exchange the mode betweenOAM1 andOAM2.
Figure 5(a) shows a schematic for the NOT operation, where

Fig. 2. Training data set of OAM logic AND gate.

Fig. 3. Training results of ODNN with logic AND operation.
(a) Curve of the loss function with the iteration number. (b) Phase
and amplitude distributions of diffractive layers.

Fig. 4. Modulation results of ODNN with different logical opera-
tions. (a) Logic AND gate. (b) Logic OR gate.

Fig. 5. OAM logic NOT gate based on ODNN. (a) Schematic of
the light field modulation by ODNN. (b) Predicted results of
ODNNs with different layers.
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the single OAM modes occur on the center of the first diffrac-
tive layer and continue to transmit along the original path after
mode modulation. The input represented by one logic variable
A contains two states, which requires only two data pairs in the
training set, and the conversion can be expressed by Y � Ā. To
coaxially and independently modulate these two OAM modes,
we constructed ODNNs with different layers to train the NOT
gates, and the results are shown in Fig. 5(b). The quality of the
output predicted by the three-layer ODNN model was slightly
lower than that of the four-layer model. From the brightness of
the light fields, the energy utilization rate is decreased because
the modulation ability of the three-layer diffractive structure
is insufficient to process all information, leading to energy
dispersion. Thereby, the mode purities are reduced. However,
the phase distributions demonstrate that the mode information
has been accurately modulated, and it is sufficient to complete
accurate logical operations for the OAM NOT gate.

Furthermore, we train four-layer ODNNs to modulate the
OAM modes to implement NAND and NOR operations.
After training these four data shown in Fig. 6(a) with multiple
iterations, the two ODNNs successfully mapped Y NAND �
A · B and Y NOR � A� B between the input and output logic
states, respectively. Figure 6(b) shows the modulation results of
the NAND and NOR gates. For all input states, the ODNNs
can accurately control the OAM mode and spatial position.
This indicates that the designed ODNN can be used as a gen-
eral method to independently modulate multiple light fields,
and the network model can complete some mathematical op-
erations, such as the addition and multiplication of the logical
states studied above.

C. OAM Logic XNOR and XOR Gates
In addition to the five basic operations of AND, OR, NOT,
NAND, and NOR, the logical operations of XNOR and XOR
also have important applications in digital computing. For the
XNOR operation with the operational rule of Y � Ā B̄�AB,
we realize it by cascading the AND, OR, and NOT gates, and
the schematic diagram is shown in Fig. 7(a). The logic variables
A and B are transmitted through a NOT gate, respectively,
which are simultaneously modulated by the AND gate to com-
plete the operation Ā · B̄, and the output is sent to the OR gate
together with the result of the A · B operation implemented by
another AND gate to perform the addition operation. Here, we

used the cascaded multiple ODNN models to construct the
XNOR gate. The values of the logic variables are shown in
the truth table [see Fig. 7(b)]. For two identical logic states, the
ideal output of XNOR is OAM2; otherwise, it is OAM1. By
inputting these four logic states into the cascaded logic gates,
the output response states are obtained, as displayed in
Fig. 7(c). It can be observed that the cascaded OAM logical
gates accurately completed the logic XNOR operation, and
all mode purities exceed 97%. Note that we neglected fabrica-
tion errors and reflection loss during the simulation.

For the logic XOR gate, we also constructed it by cascading
basic AND, OR, and NOT gates. The designed system is
shown in Fig. 8(a). The logic function of AB̄ � ĀB can be
jointly performed by two AND gates, two NOT gates, and
one OR gate. Similarly, we make the logic variables take values
from the truth table shown in Fig. 8(b) from top to bottom.
The results are presented in Fig. 8(c). These figures show that
the phase and intensity distributions of these output light fields
conform to expectations, and the mode purities are about 97%,
which demonstrates that the OAM logical operations can avoid
the destruction of the original light field structures in most tra-
ditional optical logics. Theoretically, the proposed OAM logic
gates can accurately implement logical operations without

Fig. 6. (a) Operation truth table and (b) prediction outputs by
ODNNs for OAM logic NAND and NOR gates.

Fig. 7. Logic XNOR gate cascaded by the basic logic AND, OR,
and NOT units. (a) System diagram of XNOR operation based on
cascaded logical gates. (b) Truth table. (c) Predicted results of logic
XNOR operation with four input states of “00,” “01,” “10,” and “11.”

Fig. 8. Schematic illustration of logic XOR operation. (a) System
diagram of XOR gate cascaded by logic AND, OR, and NOT gates.
(b) Truth table. (c) Phase and intensity distribution of results predicted
by the logic XOR gate.
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affecting the long-distance transmission of the original optical
field signals, which is more suitable for practical optical digital
calculations.

There are two main reasons for cascading three basic logic
gates to implement XNOR and XOR operations instead of
building an ODNN model. First, the calculation is more com-
plicated. The XNOR and XOR operations include three oper-
ations simultaneously, namely, multiplication, addition, and
inverse, which are difficult for one ODNN. Second, the feature
of the data distribution is more hidden. Different from the
other five logic operations with a stronger data regularity, where
the “0” or “1” appears three times in the ideal outputs of train-
ing data, the feature information contained in the training data
of the XNOR and XOR operations is fuzzier, making it difficult
for the ODNN model to match the modulation relationship
between the four data pairs and calculate the structural param-
eters of the diffractive layers.

D. OAM Half-Adder
To explore the application of OAM logical gates in optical dig-
ital computing, we constructed a half-adder by cascading the
designed logical gates. Because the half-adder does not need
to consider the Carry sent from the low bit, we only calculated
the standard sum of two one-bit binary data A and B.
According to this principle, we constructed the optical structure
of the half-adder, as shown in Fig. 9(a). The half-adder has two
output bits, Carry C and sum S, whose response mechanisms
are exactly the same as the operation of the AND gate and XOR
gate, respectively. Thus, we combine the XOR and AND gates
to construct an OAM mode-based optical half-adder [see
Fig. 9(a)]. The input logic variables A and B are both divided
into two sub-beams with a 50:50 ratio, one of which is incident
into the logic XOR gate for standard sum operation, and the
other is modulated by the AND gate to calculate the Carry
value. The values of the logic variables and ideal output states
for the addition of two one-bit binary data are shown in the
truth table in Fig. 9(b). These four input states were sequen-
tially input to the constructed half-adder to verify the calcula-
tion accuracy. The results in Fig. 9(c) show that the mode

purities are all greater than 91%, which confirms that the pro-
posed ODNN-based OAM logical gates can be used in optical
digital computing. Similarly, it can also be expanded to con-
struct a full adder by considering the Carry from the lower bits
by cascading multiple basic logic units, which can realize full
addition operations with wider applications.

3. DISCUSSION

Using the OAM mode as a logic state can complete high-ac-
curacy and robustness logical operations, which is mainly
attributed to the fact that the mode features among OAM
modes are quite different (manifested in phase and intensity
distributions), and they can maintain strong mode discrimina-
tion even when disturbed. Compared with electrical logic gates,
whose transmission rate and computing power are limited by
dilemma of Moore’s law and the tidal load effect of the von
Neumann architecture, and the voltage level is used as the logic
state; the ODNN-based OAM logics not only have ultrafast
computing speed and parallel computing capability, but also
greatly improve the expression ability of logic states and have
strong fault tolerance. These advantages are more evident in the
compound logic units such as XNOR and XOR, because the
electrical logic gates are susceptible to voltage fluctuation, tem-
perature, and current mutual inductance. Compared with tra-
ditional optical logic gates that use intensity as logic states,
OAM logic can manipulate the independent physical dimen-
sion of the OAM mode to complete logical operations while
maintaining the structural integrity of light fields, which en-
dows the constructed basic logic gates with the ability to be
combined into compound logical arithmetic units. For the
ODNN, it is used to solve the key problem of independent
modulation of multiple light fields, including calculating the
structural parameters of diffractive layers. The excellent infor-
mation processing capability enables the OAM logic to take any
desired OAM mode as a logic state and realize high-ary logic
operations, which are difficult for traditional electrical and op-
tical logics. In addition to the above-mentioned seven logic
gates and adder, other complex logic devices, such as all-optical
encoders, decoders, and data selector, are expected to be real-
ized. More interestingly, the OAM mode can be converted into
current signals through photodetectors [47], which allows the
OAM logic gates to be combined with the circuit system to
obtain large-scale optical-electric fusion logic systems.

For the experimental realization of OAM logical operations,
the diffractive layers in OAM logic can be achieved by spatial
light modulators, metasurfaces, and three-dimensional printing
[48,49], and the constructed ODNN model can be used as an
inverse design algorithm to design modulation devices. In the
experiment, it is usually necessary to detect the output mode of
OAM logics and distinguish the output states, which can be
accomplished by back conversion, diffraction, and interference
methods [50–53]. In addition, these methods can combine
with deep learning technologies to improve the detection accu-
racy, range, and anti-interference ability [54–56].

Considering that the practical inputs are difficult to per-
fectly match the inputs in simulations, we further explore
the robustness of the constructed logic gates. Since the beam
radius in experiment has a certain uncertainty, we first explore

Fig. 9. Schematic illustration of the half-adder based on the OAM
mode. C : Carry. S: sum. (a) System diagram of the half-adder cascaded
by the XOR and AND gates. (b) Truth table. (c) Results of the addi-
tion operation performed by the half-adder.
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the influence of the waist radius w0 on the performance of the
trained model. For the logic AND gate trained with
w0 � 2 mm, we set 1.5 mm as an initial value and 0.1 mm
as the interval to increase the waist radius (that is, 11 different
waist radii), and 44 test data are obtained and fed to the model.
The results in Table 1 show that for input states with large
changes in radius, the output mode purities are significantly
reduced, which is mainly because the matching relationships
between the modulation information and the input signals
are destroyed. To enhance its adaptability, we introduce the
waist radius into the training data. Under the same network
structure, after trained by these 44 data, the 4-layer
ODNN-based logic AND gate can accurately respond to all
inputs with different waist radii. And for the data with
w0 � 2.6 mm, 2.7 mm, and 2.8 mm that are not included
in the training set, the mode purities of the outputs are
(98.04%, 96.10%, 95.20%, 94.87%), (97.68%, 94.64%,
93.05%, 92.56%), and (97.18%, 92.74%, 90.22%,
89.76%), all values exceeding 89%, which means that the ro-
bustness of the trained model has been greatly improved.
During training, the number of training iterations was reduced
to 3000 to save training time. At the same time, we test the
robustness of the trained AND gate to the rotation of the phase
distributions of input OAM modes. We rotate the phase dis-
tributions of the four inputs from 0° with an interval of 30°,
and the results demonstrate that the mode purities of the four
outputs are 98.40%, 97.95%, 97.87%, and 98.15%, respec-
tively, which are consistent with the output results without ro-
tation. As a demonstration, we present the outputs of the AND
gate for the four input states with rotation angles of 90° and
180° in Fig. 10. From the figure, all input states are accurately

responded and modulated by the model, and the output OAM
modes have the same phase rotation, indicating that the con-
structed logic gate is insensitive to phase rotation. In addition,
since OAM mode is easily distorted by transmission disturb-
ance, we introduce atmospheric turbulence to study the modu-
lation ability of the models for the inputs with a certain error. In
simulations, the Hill-Andrew model [57] was used to generate
turbulence phases, where the inner and outer scales of atmos-
pheric turbulence are 0.2 mm and 50 m, the turbulence equal
propagation distance z is 10 m, which is a factor affecting dis-
turbance degree, and the practical propagation distance in free
space is 20 cm. Table 2 shows the test results of the trained
AND gate for four input signals with different turbulence
strengths C2

n. From the table, the mode purities of outputs re-
main above 80% as the turbulence strength increases from
1 × 10−16 to 1 × 10−15 m−2∕3, indicating that the model has a
certain robustness under weak disturbances. With the further
increase of C2

n, the modulation performance of the ODNN
drops sharply due to the input signals are severely distorted.
This problem can be alleviated by introducing a certain error
into the training data to improve the sample diversity.

Furthermore, we investigate higher-ary logic. We train a 5-
layer ODNN model with a balanced ternary logic AND oper-
ation function, and the operating rules are shown in the truth
table [see Fig. 11(a)]. The logic states “−1,” “0,” and “1” re-
present the constants “false,” “unknown,” and “true,” respec-
tively, which are closer to the mode of human brains. Logic
variables A and B can take any value of the three logic states
and provide nine training samples for the ODNN. Similarly,
we selected OAM modes with topological charges of 1, 2,
and 3 to represent logic states “−1,” “0,” and “1.” After being

Fig. 10. Test results of four input states with different phase rota-
tion angles.

Table 1. Test Results of Four Input States with Different Waist Radii

Original Model Model Trained with Different Waists

w0 00 01 10 11 00 01 10 11

1.5 75.27% 47.81% 61.45% 40.52% 94.42% 93.26% 92.74% 92.46%
1.6 81.73% 55.72% 69.02% 47.82% 95.84% 95.13% 94.74% 95.03%
1.7 87.62% 65.51% 76.70% 57.13% 96.75% 96.17% 95.89% 96.33%
1.8 92.75% 77.90% 84.82% 70.47% 97.37% 96.82% 96.62% 97.06%
1.9 96.63% 91.28% 93.04% 88.34% 97.80% 97.26% 97.13% 97.58%
2.0 98.40% 97.95% 97.87% 98.93% 98.10% 97.60% 97.52% 98.03%
2.1 96.98% 92.23% 90.20% 89.41% 98.30% 97.86% 97.80% 98.40%
2.2 91.86% 81.08% 68.89% 74.59% 98.41% 98.01% 97.96% 98.57%
2.3 83.81% 71.62% 50.74% 64.45% 98.45% 97.99% 97.91% 98.41%
2.4 74.73% 65.13% 41.93% 58.42% 98.40% 97.72% 97.53% 97.79%
2.5 66.41% 60.87% 38.44% 54.77% 98.27% 97.11% 96.67% 96.62%

Table 2. Test Results of Four Input States under the
Influence of Different Turbulences

C 2
n (10−16 m−2∕3) 00 01 10 11

1 98.18% 96.75% 96.24% 97.23%
5 97.58% 86.11% 92.53% 90.57%
10 96.46% 90.26% 83.04% 81.59%
50 78.72% 75.37% 71.88% 74.37%
100 77.74% 66.98% 64.21% 68.04%
150 59.07% 69.55% 49.48% 45.30%

Research Article Vol. 9, No. 10 / October 2021 / Photonics Research 2121



trained with 8000 iterations, which took approximately
40 min, the ODNN accurately implemented the AND oper-
ation for all input data. As shown in Fig. 11(b), although the
intensity distribution of some output light fields is distorted, it
does not affect the performance of the logical gate with mode
dimension as the logic judgment state because the phase and
mode information are well modulated with mode purities ex-
ceeding 98%. Similarly, the other six basic logical operations
can also be implemented. This demonstrates that the proposed
logic calculation method based on the OAM mode can realize
higher-ary logical operations and provides an effective method
for optical digital computing with high parallel processing
capabilities.

4. CONCLUSIONS

In summary, we proposed and investigated an OAM logical
operation using ODNNs. OAM logic states have a natural
strong distinction, certain robustness, and infinite division
space, which provide the possibility for multi-ary logical oper-
ations. To complete the independent mode and spatial position
modulation of multiple light fields required in OAM logic,
we designed an ODNN framework that combines optical dif-
fraction and deep learning to solve the multi-plane diffractive
structure by directly updating the phase and amplitude distri-
butions. The simulation results show that the proposed
ODNN model can automatically solve the linear system re-
sponse of the multi-light field and can accurately perform logic
AND, OR, NOT, NAND, and NOR operations. This non-
destructive optical operation on the physical structure of the
light fields significantly improves the applicability and flexible
embeddability of OAM-based logics, enabling it to successfully
obtain the logic XNOR and XOR gates by cascading basic logic
gates. In addition, we discussed and explored the realization of
OAM mode-based logic half-adder and high-ary logic gates. It
is anticipated that the revealed design strategy of logic has the
potential to promote the development of optical digital com-
puting with high parallel processing ability.

5. METHODS

Combining deep learning technology [58–62] and the multi-
plane diffraction structure in which the signal transmission fol-
lows the scalar diffraction theory, ODNN has both the learning
ability possessed by traditional electric neural networks and the
light field modulation ability. The ODNN also contains an

input layer, multiple hidden layers, and an output layer, where
the hidden layers are formed by the diffractive layers. Based on
the Rayleigh-Sommerfeld diffraction, each diffractive unit/
neuron is regarded as a secondary source and fully connected
to the next layer. In the forward-propagation model of the
ODNN, the propagation and superposition of secondary wave
sources between two layers obey the following:

wL�f x , f y� � exp

�
j2πdL−1

λ

�
· exp�−jπλdL−1�f 2

x � f 2
y ��,

(2)

where �f x , f y� represents the spatial frequency of �x, y� in the
Lth hidden layer, and dL−1 is the distance from the (L − 1)th
layer to the Lth layer. j is the imaginary unit and λ is the work-
ing wavelength. The input of the (L� 1)th layer, that is, the
output of the Lth layer, can be expressed as

Y L � F −1�F�UL� · wL�, (3)

where F and F −1 represent the Fourier transform and inverse
Fourier transform, respectively. UL is determined by the
Hadamard product of the transmission coefficient tL and the
input wave, that is, UL

i �x, y, z� � tLi �xi, yi, zi� · Y L−1�xi, yi, zi�,
where i represents the neuron located at �xi, yi, zi� in the Lth
hidden layer. The transmission coefficient tL satisfies
tLi �xi, yi, zi� � aLi �xi, yi, zi� exp�jϕL

i �xi , yi, zi��, where the am-
plitude and phase modulation factors are constrained by
0 ≤ jaki j ≤ 1 and 0 ≤ jϕk

i j ≤ 2π, respectively. As a modulation
method with learning ability, the ODNN manipulates the
wavefront of the input beams by continuously updating neu-
rons, and both the amplitude and phase parameters contained
in each neuron can be adjusted. Here, we update the amplitude
and phase values simultaneously to complete the complex
wavefront modulation.

To evaluate the performance of the ODNN, we define a loss
function to calculate the difference between the predicted out-
put E and the ground truth target Y , which can be expressed as

L �
XN
i
jEi − Y ij2, (4)

where N represents the pixel number of the diffractive layers,
which is set to 256 × 256, and the size of the layers is
30mm × 30mm. The distance d between the two layers
was 30 mm. With the forward propagation model following
the optical scalar diffraction theory and the backward propaga-
tion model aimed at minimizing the loss function, the con-
structed ODNN can accurately solve the multi-plane system
response for the target modulation and obtain the optimal
structure of the diffractive layers.

The ODNN was constructed and trained using Python
version 3.5.0 and Google TensorFlow version 2.3.0, with a
graphics processing unit, Intel Core i9-10900k. The learning
rate was set to 0.005. It took approximately 20 min to train
a 4-layer ODNN with 8000 iterations.
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