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Decomposition and mode-weight estimation of mixed-mode OAM
beams via diffractive neural networks

Lijun Wang*%3', Jingdong Wang'>*', Yingli Ha'%3, Yinghui Guo****, Mingfeng Xu*%3*, Mingbo Pu?3, Yunjie Liu*®

and Xiangang Luo%%*

Abstract: Beams carrying orbital angular momentum (OAM) have attracted considerable interest in high-capacity
optical communication owing to their infinite-dimensional state space. Conventional methods for detecting OAM
modes face significant limitations, including bulky systems, slow response times, and restricted detection ranges.
Although deep learning algorithm have shown promise in mitigating some of these challenges, the characterization
of mode distributions within mixed-mode OAM beams has received limited attention. We propose an all-optical,
end-to-end approach for decomposing mixed-mode OAM beams and estimating their mode weights using diffrac-
tive deep neural network (D?NN). The network directly maps the incident optical field to outputs that both identify
the constituent OAM modes and estimate their relative contributions. Numerical simulations demonstrate that the
method can accurately recover the weights of up to 21 hybrid modes. Moreover, it maintains strong robustness
under atmospheric perturbations, with the relative error remaining below 7%. This approach enables precise and
efficient reconstruction of the OAM beams across varying numbers of modes, offering broad potential in multidi-
mensional information encoding, quantum information processing, and optical computing.
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1 Introduction

Optical beams carrying orbital angular momentum (OAM),
characterized by their helical phase fronts, have attracted
extensive attention due to their fundamental significance
and applications in optical manipulation!~, microscopy*,
and rotational sensing’®. Numerous mature techniques have
been developed for generating OAM beams!*~'2, which has
greatly expanded their use in various optical applications. As
these applications increasingly depend on precise modal
content, reliable identification of OAM modes has become a
critical requirement. A variety of reliable approaches have
been demonstrated for identifying single-mode OAM states,
such as reference wavefront interference!*"'°, aperture- or

grating-based diffraction techniques'*"", and metasurface-
based mode-sorting methods?®*.. By contrast, accurately
characterizing superimposed multimode vortices remains a
considerable challenge. Such hybrid beams offer great
promise for expanding encoding dimensions**?, enhancing
channel capacity*, and supporting advanced modulation
formats®. However, existing detection schemes for multi-
mode OAM beams typically rely on complex cascaded opti-
cal systems® or hybrid optical-electronic approaches?,
which limits their efficiency in retrieving multiple modal
components within a single measurement and constrains
their scalability when the number of detectable modes
increases or the mode space becomes larger.
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With the rapid advancement of artificial intelligence algo-
rithms, neural network-based strategies have opened new
avenues for the precise analysis and efficient processing of
complex optical fields**-*!. Wang, J et al. introduced a hybrid
approach that combines optical diffraction with convolu-
tional neural network post-processing to identify the OAM
beams of multi-mode mixtures®>. However, the system
architecture and data processing are relatively complex, and
scaling to a larger mode set necessitates further increases in
both system and data complexity. Another strategy relies on
employing coaxial interference between OAM beams and
Gaussian beams followed by Fourier-domain analysis for
spectral extraction®, yet this technique demands stringent
experimental stability. Hybrid optical-electronic frame-
works have also been investigated, where an optical neural
network first analyzes positive and negative topological
charges, followed by a fully connected electronic neural
network for spectral prediction®. This cascading design
allows accurate mode identification but introduces substan-
tial implementation complexity and demands precise coor-
dination between optical and electronic components. Over-
all, current methods still suffer from deficiencies in detec-
tion efficiency, system simplicity, and scalability.

Since Lin, X first proposed the diffractive deep neural
network (D?NN) in 2018°°, this method has become an
important direction in optical neural network research
because it enables all-optical neural network inference.
D°NN has been widely applied in scenarios such as beam
shaping®*%, image reconstruction®*!, and optical encryp-
tion”~*, and have gradually been introduced into OAM
detection. Compared with traditional techniques, D?NN-
based approaches offer higher efficiency. Early studies have
used D?NN for OAM mode classification, analyzing how
factors such as the number of diffractive layers and turbu-
lence strength affect recognition accuracy”. Subsequent
developments have further enhanced the approach, enabling
classifiers that can identify multiple degrees of freedom of
optical beams within a single framework®. However, exist-
ing studies have mostly focused on classification within a
limited mode range with fewer efforts addressing the recon-
struction of full spectral distributions in mixed-mode beams.

In this study, we propose a hybrid OAM modes recogni-
tion system based on optical diffraction neural networks.
This approach performs end-to-end optical inference, in
which the incident OAM optical field is directly mapped to
the light-intensity distribution at the output plane through a
sequence of diffractive layers, without complex post-
processing. We conducted tests on single-mode and arbi-
trarily proportioned mixed-mode OAM beams within the
range of 21 modes (topological charge [ = -10 to 10, radial
index p = 0). The simulation results demonstrate that the
proposed method maintains high recognition accuracy for

both single-mode and multi-mode mixed beams, and
exhibits strong robustness against non-uniform mode
proportion mixing and low-intensity modes. Even under the
perturbation of atmospheric turbulence, our model still
maintains to show good recognition ability. In practice, the
four phase plates in the D?°NN can be implemented either as
metasurfaces for compact chip-scale devices or as progra-
mmable spatial light modulators (SLMs) for flexible proto-
typing. Our findings are expected to contribute to the devel-
opment of OAM-enabled optical communication and show
potential for applications in high-speed, large-capacity
information processing systems.

2 Methods

As shown in Fig.1, the OAM detection device consists of
four diffractive phase screens and an output layer. When the
OAM beam illuminates the phase screen, a specific light
intensity distribution is formed at the location of the output
layer by optical diffraction. Since the light intensity of each
region is different, topological charges and weights of differ-
ent beams can be identified by calculating the electric field
distribution of each region. The OAM detection device
enables precise characterization of both single-mode and
spatially multiplexed OAM beams.

The expression for the OAM beam in cylindrical coordi-
nates is

U(r, ¢,2) = Up(r,z)e e | (1)
where [ represents the topological charge and ¢ is the
azimuthal angle in cylindrical coordinates. Uy (r, z) repre-
sents the amplitude term, and j denotes the imaginary unit.
To model the OAM beam more specifically, we use a
common Laguerre-Gaussian (LG) beam**, and its complex
amplitude expression in cylindrical coordinates is

[
C 2 2r? -2 —jk?
LGZP (rv ¢7 Z) = b ( fr ) L[Lll ( ) ewz(Z) ezR](Z)

w(z) \w(2) w (2)
x e J@HI+1(2) o —jkz il , (2)

where p represents the radial index that determines the
number of radial nodes in the beam, and [ represents the
topological charge that defines the helical phase structure
and the associated orbital angular momentum. Cj, is a
normalization constant. L),l| (x) is the generalized laguerre
polynomial and k is the wave number. z; = nw} /A denotes
Rayleigh length, where A is the working wavelength and wy
is the waist radius. w(z) = wo[l + (z/2z)’]/? indicates the
radius of the light spot. R(z2)=z [1 + (zz/ Z)z] represents
radius of curvature of the wavefront. {(z) = arctan (z/zy)
refers to Gouy phase.

We generated a total of 10000 datasets, each consisting of
an incident optical field and its corresponding label. Among
them, 8400 samples were used for training, including 2100

250011 (Page 2 of 9)


https://doi.org/

Wang LJ et al. Intell Opto-Electron 2, 250011 (2026)

https://doi.org/

/A diffractive phase screen

N

: N i
i : 2 |
! !
i !
PN, ;
L s — 0o
y
Qﬁ
x \
N\ N
\

5 /(9 ¢

P < 8

o 4
\//x /

Incident light
0-25'(LG/:75,p:0+LG/: 5,p :0+LG/: 10,p:D+LG/: -3,p= o)

I=-5
I=-3
I=5
|
I=10

Output layer

Fig. 1 | Schematic of LG mode recognition device based on diffractive optical neural network. The incident light can be a single-mode LG beam or a mixed-
mode LG beam. The diffractive processor contains four layers of phase screens (inset, upper left), with Ny = N, = 200. At the output layer (inset, lower
right), 21 rectangular detection regions are assigned to different LG modes, enabling recognition by measuring the light intensity in each region.

single-mode beam samples and 6300 mixed-mode beam
samples. The mixed-mode samples were generated by ran-
domly selecting multiple LG modes to form superpositions,
including both equal-weighted and unequal-weighted
mixtures (3150 samples each). The number of constituent
modes in a mixed-mode sample varies from 2 up to all 21
modes included in the dataset, with each mode carrying its
own intensity weight in the superposition. The remaining
1000 and 600 datasets were allocated to validation and test-
ing, respectively, with comparable proportions of single- and
mixed-mode beams. The incident optical field is repre-
sented by a 200 x 200 matrix of complex amplitudes, and the
label is a 21 x 1 vector whose elements represent the weights
of the corresponding OAM modes, ordered sequentially
according to topological charges from —10 to 10. As illus-
trated in Fig. 1, the four OAM beams (LG; = -5,p =0, LGI= -3,
p=0 LGi=5 p=0,and LG;- 10, p = 0) are mixed with the same
weight of 0.25, resulting in the label is [0, 0, 0, 0, 0, 0.25, 0,
0.25,0,0,0,0,0,0,0,0.25,0,0,0, 0, 0.25].

The optical field propagation process of diffraction phase
screens can be described according to the Rayleigh-Sommer-
feld diffraction theory*:

z e
U2 =3 [JUy 0 Savd/ . @)

where U (x, y’, 0) and U (x, y, z) denote the complex
amplitude on the previous diffraction screen and the
current diffraction screen, respectively. r= [(x — x')’+
(y —y')* + 22]/* is the distance between the two observa-
tion points.

Figure 2(a) illustrates the network training process based
on the diffraction principle. During network training, each
phase unit on the phase screen acts as a neuron. During
forward propagation, according to diffraction theory, each
neuron can be considered a secondary wave source:

2=z (1 1Y\ m

where s represents the s-th layer of the network, and i
represents the i-th neuron located at (x;, y; z;) of layer s.
A is the working wavelength, and d= [(x —x)*+
(y — y:)* 4 (z — z)"]"/* represents the distance between two
neurons. The complex amplitude of this secondary wave is
determined by the product of the incident optical field and
the transmission coefficient at that location. The output
function of the i-th neuron in the s-th layer is

I’lf (xayvz) :M/;(xayvz)'tj'zn;;I (xia}’iazi) (5)
k

can be simplified as

nw=w- -t -m, (6)

1 1 1 1
where m; = Zki’lffl (%:, i, ) is the incident wave to the i-
th neuron in the s-th layer, and £ is the complex transmis-

sion coefficient, which can be decomposed into an ampli-
tude and a phase

t=a e, (7)
For a pure-phase type D?NN in this work, the amplitude
term a =1 (neglecting optical losses), and each neuron

250011 (Page 3 of 9)


https://doi.org/

Wang LJ et al. Intell Opto-Electron 2, 250011 (2026)

https://doi.org/

- .

a
Input light
5 b; .
Y 4,' A -
E‘ 1 i : : ! : IS
n Forward propagation £
[ Qo
> ©
) Q
c : ; 7 S
[ [oX
g E
iy
! 7 E
Q
©
[aa}

Output EETEEEEEET T T

b
25
Train loss
Validation loss
20 x10°
1.8
1.7
15 )
3 816
S
10 1.5
14
5000 5500 6000
5 Iteration
0
0 1000 2000 3000 4000 5000 6000
Iteration

Fig. 2 | Principles of the network and the training loss. (a) Schematic diagram of the network principle. (b) Evolution of the network loss value with the iter-

ations.

performs only phase modulation.

As shown in Fig. 2(a), the incident optical field sequen-
tially passes through multiple phase screens, where each
phase screen is contains 200 x 200 phase cells with a size of
1 pm x 1 um. Each layer modulates the optical field by intro-
ducing a spatially dependent phase delay, followed by
diffractive propagation in free space, which achieves a step-
by-step feature mapping of the incident beam. The entire
process can be considered an end-to-end neural network,
with the phase values of each pixel on the phase plates acting
as trainable parameters. The propagation distance d between
adjacent phase screens is fixed at 200 pum in this work. On
the output plane, the 200 um x 200 pum area is divided into
21 rectangular detection regions, in which each region
measures 15 pm x 15 um, corresponding to 21 OAM modes
(from I = —10 to [ = 10, p = 0). Considering that the weights
of the 21 modes are non-negative and sum to unity, the
collected light intensities from the 21 detection regions are
transformed into a mode-weight vector through a softmax
operation. This operation ensures that all predicted mode
weights lie within [0,1] and collectively sum to one. The loss
function is defined as the mean squared error (MSE)
between the predicted intensity vector and the target inten-
sity vector, computed over the 21 detection regions:

1o - 2

Loss = i; (L - 1), (8)
where I, and I,denote the target and predicted intensities
within the k-th region, respectively. This loss is minimized
using backpropagation and gradient descent to update the
phase parameters of the diffractive layers. The training loss
and validation loss finally reach 0.00151 and 0.00162 after
6000 iterations as shown in Fig. 2(b).

3 Results and discussion
3.1 Single-mode classification

To evaluate the discrimination ability of the trained diffrac-
tion processor under single-mode conditions, we performed
blind tests on LG beams with random initial phases. As
shown in Fig. 3(a-c), for incident beams with modes: [ = -1,
I =10, and I = 4, the network predicts energy peaks on the
corresponding output channels that are consistent with the
true values with good sidelobe suppression. Here, we define
the relative error of the prediction results as

Errory = |Wpred1ct10n Wtruth| , 9)

Wirgth

where Wprediction and Wie represent the predicted and
ground-truth mode weights, respectively. All the relative
errors are less than 7%, indicating that the model is able to
perform mode recognition consistently and accurately under
unimodal output conditions. In order to show more
comprehensively the prediction results of the model for all
modes, we sampled 100 datasets per mode for blind testing.
As shown in Fig. 3(d), the main diagonal of the confusion
matrix is significantly prominent, while the off-diagonal
entries are sparse and of low magnitude. The overall accu-
racy is over 98.5%. Minor errors are concentrated between
neighboring orders, which is primarily due to the fact that
physically similar topological charges are susceptible to
energy leakage and channel crosstalk under finite aperture
and sampling conditions.

A point to emphasize is that when p is fixed, the ! and -/
LG beams have the same intensity distribution but show
opposite spiral phases. Therefore, conventional detection
schemes that rely only on intensity cannot distinguish
between positive and negative chirality. Our approach
utilizes multilayer diffractive elements to shape the incident
complex amplitude wavefront, mapping beams carrying
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Fig. 3 | Single-mode identification results. Amplitude, phase, and corresponding identification results for (a) LGj= _1, p =0, (b) LG/ =10, p=0, (¢) LG/= 4, p= 0.

(d) Confusion matrix for single-mode identification results.

different spiral phases to regions on the detection plane with
phase-sensitive and separable energy distributions, thereby
effectively distinguishing +I. This result not only validates
the ability of the system to sense and utilize phase informa-
tion, but also overcomes the inherent limitations of the
intensity-based differentiation approach.

3.2 Multi-mode recognition

In a further work, we investigate the recognition perfor-
mance of the model under multi-mode mixed incident
conditions. In particular, we randomly selected mixed
beams containing four modes, nine modes, and twenty-one
modes to make predictions, as shown in Fig. 4. The phase
and amplitude of the four LG beams (LG; - -5 p = o
LGi= 3, p=0 LGi=5p=0 LGi= 10, p = 0) for superimposed
incidence are illustrated in Fig. 4(a). As they are irradiated to
the diffraction processor superimposed with equal weights
of 0.25, the model output not only accurately determines the
various modes of incidence, but also identifies the propor-
tion of each mixed mode based on the distribution of light
intensity in each rectangular region, as shown in Fig. 4(b).
Similarly, for nine modes of mixed incident light, the model
predictions are highly consistent with the true values, as
shown in Fig. 4(c-d). The relative error between the model
predictions and the true values is less than 3% for LG beams
with the equal weighted overlapping incidence, demonstrat-
ing excellent multimode decomposition. In addition to
equal-proportional mixing, we also validate the perfor-
mance of the model in handling multiple LG beams mixed
with random proportions. Fig. 4(e) shows the amplitude and

phase distributions of 21 modes when they are superim-
posed into the incidence with random weights. Despite the
complex distribution of incident light modes, the network is
able to accurately recover the intensity weights of each mode
with the overall error controlled within 5%, as shown in
Fig. 4(f). This result sufficiently proves that the designed
network possesses good generalization ability in the face of
complex superimposed fields. Rather than only maintaining
high robustness with a limited number of mode mixing, it
can also adapt to the inhomogeneous mixing of global
multi-modes.

Comparing the relative error results of the uniformly
weighted mixed beams with those of the randomly weighted
mixed beams, we can see that the relative error under the
uniformly mixed condition is lower overall and the error
distribution is relatively balanced among the modes. This is
due to the similar energy contribution of each mode under
the uniform mixing condition, which enables the network to
obtain a more balanced feature distribution in the output
plane. Consequently, the bias phenomenon occurs less
frequently during the decoding process, with the overall
prediction results stabilized. In contrast, under non-uniform
mixing conditions, the energy differences between different
modes are significant, resulting in higher overall error rates
and larger discrepancies between modes. Further, we count
and carefully analyze the mode composition of the non-
uniform mixed-mode beams in the training set. We find that
for the non-uniformly weighted mixed-mode beams, modes
with relatively high errors (e.g., I = -9, 9) are used less
frequently in the generated mixed-mode beams, with about
2800 occurrences, whereas modes with lower errors (e.g.,
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Fig. 4 | Recognition results for multiple modes of mixed incidence. (a) Amplitude and phase of the four LG beams mixed: LG/- -5 p=-0, LG/=-3,p=0, LG/=5 p=
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I = -8, 1, 10) are used more frequently, with about 3200
occurrences. This result is consistent with the random selec-
tion logic used to generate mixed-mode beams in the
dataset, where each mode was randomly selected to partici-
pate in the hybrid. The number of times that the different
modes of beams appear in the dataset directly affects the
ability of the network to learn its features. Modes with a low
number of occurrences are underrepresented during train-
ing, which reduces the efficiency of the network in learning
these modes and leads to increased prediction errors.

3.3 Effects of perturbations on recognition
performance

Atmospheric turbulence is one of the key factors contribut-
ing to the distortion of OAM beam during propagation,
which introduces phase aberrations during beam transmis-
sion and leads to corrupted spatial results of OAM. To vali-
date the potential of the proposed system for application in
complex environments, we analyze the performance of the
model under random atmospheric turbulence perturbations.
Specifically, a randomly generated turbulence phase screen
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is superimposed on the wavefront of the initial incident
light to construct turbulent perturbation environments for
different scenarios, and these optical fields are input into the
model for blind testing. Here we take the modified von
Karman model to generate a series of random turbulence
phase screens, where the turbulence outer and inner scales
are set to 10 m and 0.01 m, respectively, and the refractive
index structure constant C2, is varied in the interval from
107 to 101, Figure 5(a) shows the initial amplitude and
phase of LG - ¢ p = ¢ at the top left, and the generated
random turbulent phase screen is shown at the bottom left,
along with the phase of the LG beam after being disturbed
by turbulence. The model predictions show that the model
accurately recognizes the modes despite the turbulence
perturbing the vortex phase distribution of the incident
light, and its predictions are in agreement with the true
values with the relative error remaining at a low level of 2%,
as shown in the right-hand side of Fig. 5(a). For uniformly
mixed incidence of three and six modes, the relative error

remains below 6% and the mode decomposition remains
accurate despite the slight increase, as shown in Fig. 5(b-c).
When the stacked incident modes are extended to twelve, as
shown in Fig. 5(d), in which the complexity of the optical
field distribution increases, the irregular phases introduced
by the turbulence lead to strong distortions of the original
vortex phases. Under this complexity, the correct decompo-
sition of all mode components is achieved, even though the
weighting error of individual modes reaches 7%. The
outstanding performance of the proposed model in atmo-
spheric turbulence environments shows that the network
learns the global orbital angular momentum information
hidden in the complex amplitude structure, rather than
memorizing local features. This effective learning allows the
model to capture complex amplitude features efficiently,
which also allows it to extract stable and discriminative
information in phase distortion environments, thus realiz-
ing reliable recognition of complex optical fields.
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Fig. 5 | Recognition results of the model under atmospheric turbulence perturbation. (a) Identification results for LG, -6 , - o under random turbulent phase

perturbations. (b) Recognition results of three-mode mixed beams under random turbulent phase perturbation: LG, - 7 p-0, LGj=0,p=0, LG/=3,p =0
(c) Recognition results of six-mode mixed beams under random turbulent phase perturbation: LG/= g p=0, LG/= -6, p=0, LG/=-5,p=0, LG/=4,p=0, LG/=6,p =0,

LG/=7,p=0- (d) Recognition results of twelve-mode mixed beams under random turbulent phase perturbation: LG, - _10,p=0, LG/=-7,p=0, LG/=-5,p=0, LG/ =4,

p=0,LG/=-2,p=0,LG/=-1,p=0,LG/=1,p=0, LG/=5,p=0, LG/=6,p=0, LG/=8,p=0, LG/=9,p=0, LG/=10,p=0-

4 Conclusions

In summary, we realize a high-precision hybrid OAM
modes recognition scheme based on diffractive optical
neural network in visible light. As a conceptual demonstra-
tion, this work successfully accomplishes the identification
of 21 random hybrid spectra of LG beams. Simulation
results show that the system maintains high robustness

under the perturbation of atmospheric turbulence, demon-
strating its potential for applications in the fields of high-
capacity optical communication, imaging and sensing under
turbulence or complex medium. Minor discrepancies
remain between the reconstructed outputs and the target
distributions, mainly due to the limited degrees of freedom
in the current diffractive structure. These discrepancies may
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be alleviated by increasing the optical degrees of freedom,
such as adding more diffractive layers or enlarging the
aperture. They can also be reduced by adopting enhanced
training strategies that stabilize the energy distribution
across modes. We envision that by increasing the number of
diffractive phase screens and the number of phase cells, such
OAM beam processor based on diffractive neural network
architecture promises to achieve detection and recognition
of more states. Implementing the D’°NN on programmable
metasurfaces enables chip-level compactness and holds
promise for achieving amplitude-phase joint modulation,
thereby enhancing the recognition capabilities of the system.
Meanwhile, the development of an all-optical training strat-
egy is promising to further enhance the system capacity and
processing efficiency, opening up new possibilities for the
construction of large-scale, scalable OAM information
processing platforms.
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