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Multi-Functional Optical Neural Network in a Disordered
Medium

Hengzhe Yan, Yuncong Sun, Yijia Yu, Ruixin Ma, Xianfeng Chen, Yuping Chen,
and Wenjie Wan*

Optical neural networks leverage the speed and parallelism of light to process
information. However, many prior works are highly resource-intensive and
lack multi-task ability. Here, a multi-functional optical neural network based
on wavefront shaping in a nonlinear disordered media is proposed. The setup
can serve as either a linear or nonlinear neural network, where the input field
is modulated by a spatial light modulator, and all the modulated modes are
interconnected via random scattering in the disordered media. An adaptive
training pipeline is built based on the separable natural evolutionary
strategies. This versatile and low-cost system can perform a range of
computational imaging tasks, including beam mode decomposition and
image reconstruction through diffusers, without necessitating wavefront
sensing or transmission matrix measurement. Additionally, its applicability to
classical machine learning tasks, specifically image classification is
demonstrated. These results collectively indicate that this optical neural
network presents a promising platform for high-speed computational imaging
and machine learning with potential implications for various fields.

1. Introduction

The soaring demand for computational resources in artificial in-
telligence has spurred the development of innovative comput-
ing platforms. Optical neural networks (ONNs), renowned for
their exceptional processing speed and parallel capabilities, have
emerged as promising candidates for diverse applications,[1–3]

such as computer vision,[4–9] computational imaging,[10–13] op-
tical communication[14,15] and time-series prediction.[16,17] In an
ONN, the optical interconnect is crucial to connecting the mod-
ulated optical modes and achieving parallel data processing.
Up to now, various optical interconnect architectures have been
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implemented, including Mach-Zehnder
interferometers,[16,18] Dammann
grating,[17] microlens array,[13] Fourier
lens,[18] free space diffraction,[4,9] and
fiber multiplexer.[19] Among them, the
diffraction-based ONN can reach a
much larger scale and thus perform
more complex tasks by modulating light
spatial modes with multiple diffraction
surfaces[9] or spatial light modulators
(SLMs).[4] Additionally, since ONNs op-
erate directly on the wavefront, they are
well-suited for advanced imaging prob-
lems such as scattering imaging[10–12]

and modal decompositions.[20–22] Those
problems would otherwise be com-
plex and time-consuming using tradi-
tional solutions that require wavefront
measurements.[23] However, the diffrac-
tion surfaces are usually fixed and can
only perform the pre-designed tasks.
In recent years, multi-functional ONNs

have also been demonstrated based on pluggable diffraction
surfaces,[24,25] while still requiring mechanical operations. Mean-
while, ONNs based on multiple SLMs are proposed, which can
be trained adaptively for various tasks.[4] However, the multiple-
SLM configuration makes the system bulky and expensive.
Alternatively, a disordered medium can efficiently intercon-

nect the incident wave throughmultiple scattering and such con-
nections are independent of the spatial structures of the input
modes.[26] This interconnection replaces the free-space propaga-
tion between the multiple SLMs in usual diffraction ONNs and
hence only one SLM is required. The disordered sample is easy
to fabricate and does not require complex alignment and calibra-
tion. Despite the seemingly randomness, the light scattering pro-
cess is deterministic for a stationary disordered medium. Such a
disordered system can be fully described by a linear transmission
matrix (TM)[27,28] and it is still possible to control the light field
behind it with wavefront shaping. The nearly infinite number of
scatteringmodes provides a possibility to build amulti-functional
platform reconfigurable for various tasks.
Previously, a universal linear operator has been proposed

based on a disordered medium and an SLM,[29] in which by mea-
suring the transmission matrix and optimizing the SLM pat-
tern, the system can serve as a universal operator. Several dif-
ferent linear operators are realized in their setup. Due to issues
such as mechanical instability in the transmission matrix mea-
surement, the operator dimension is restricted quite small (16
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Figure 1. Schematic diagram of the optical neural network based on disordered medium. a) The architecture of a single-layer fully connected neural
network. b) The setup of an optical neural network and an example of its function for LG modal decomposition. An input LG beam is modulated by SLM
and scattered in the disordered medium so that two focal spots form in the output plane to decompose the LG mode. c) The architecture of our optical
neural network is analogs to the conventional neural network. The input field is modulated by the SLM and then all modulated modes are connected by
the disordered medium after multiple scattering.

× 16). Moreover, the random nature of the disordered medium
has also been utilized for accelerators,[30] where the disordered
medium works together with a digital neural network and helps
improve performance. Meanwhile, the disordered medium is an
excellent platform for nonlinear optical processes such as second
harmonic generation (SHG) thanks to the random quasi-phase-
matching. [31,32] Compared with other types of optical nonlinear-
ity such as fluorescence and electrical-induced transparency,[2,3]

the SHG is instantaneous and suitable for high-speed comput-
ing. Recently, nonlinear disordered mediums have been uti-
lized as optical encoders to extract image features in image
classification,[33] which indicated that nonlinearity can signifi-
cantly improve performance. However, it still requires digital re-
gressions to decode the random speckle patterns on the camera.
To our knowledge, no prior work has employed the architecture
of nonlinear disorderedmedium and SLM as an independent op-
tical neural network.
In this work, we experimentally demonstrated a multi-

functional ONN in a disordered medium. An adaptive training
process is developed for constructing large-scale optical operators
based on the Separable Natural Evolutionary Strategies (SNES)
algorithm. We leverage the phase-sensitive property of the disor-
deredmedium and demonstrated that theONN can perform real-
time computation imaging tasks including beam modal decom-
position and scattering imaging, which would otherwise require
interferometers or other complicated devices for wavefront mea-
surement. The inferring processes of the ONN are performed all

optically and thus finished instantaneously. Moreover, the ONN
can perform basic machine learning tasks such as hand-written
digit classification. Finally, based on the SHG process in a dis-
ordered medium, we build a nonlinear ONN for LG modal clas-
sification. All those results indicate that the proposed ONN is a
promising platform for high-speed computational imaging and
machine learning, paving the way in various fields such as opti-
cal communications and autonomous driving.

2. Principle

The typical architecture of a single-layer neural network is shown
in Figure 1a, where all the input nodes X are inter-connected
via the weighted coefficient matrix W to determine the output
Y . Namely, Y = WX . The matrixW is adaptively adjusted based
on the output’s feedback to obtain the optimal one for the current
task. The node connection is realized with various optical inter-
connect methods as introduced in Section 1. In our ONN, the
disordered medium is used for the interconnection. First, the in-
put light field is spatially modulated by the phase mask displayed
on the SLM (Figure 1b). Each spatial mode diffracts slightly as
in previous diffraction neural networks[9] and is then scattered
by the disordered medium. The disordered medium connects
all the modulated spatial modes together via multiple scattering
(Figure 1c). The output speckle pattern after scattering is finally
captured by an image sensor or detector array. Supposing the in-
put is represented by an N × 1 vector, the output is M × 1, the
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SLM is divided into L segments, and the optical interconnection
can be described by:

W = PHΦQ (1)

where W is the target operator of size M × N, Q is a L × N bi-
narymatrix representing the up-sampling of the field on the SLM
plane, Φ is a L × L complex diagonal matrix representing the
modulation on the SLM segments, matrix H is L × L transmis-
sion matrix that describes the light propagation and scattering,
P is the M × L downsampling matrix realized by selecting pixel
positions in the image sensor. It is assumed that the scattering
is sufficiently strong so that the transmission matrix H is ran-
dom and all its elements are independent random variables in
circular Gaussian distribution.[27] Under this assumption, it is
proven (Section S4, Supporting Information) that for a given op-
erator W in size M × N, Equation (1) has solutions for the SLM
modulation matrix Φ if the SLM segments number L satisfies
L > MN. Therefore, this architecture can work analogously to a
digital single-layer linear neural network and theminimum SLM
segment number is determined by the corresponding digital op-
erator’s size. For example, for a classical linear image classifier
trained for theMNIST dataset, the operator size is 784 × 10 and it
only requires 7840 SLM segments to ensure that Equation (1) has
a solution. In principle, current SLMs usually possess millions of
pixels and can be divided into sufficient segments to achieve per-
form this task.However, since the transmissionmatrix is hard for
accurate measurement, this architecture was only demonstrated
for small-size operators previously.[29] Therefore, instead of mea-
suring the transmission matrix, we develop an adaptive training
process based on the SNES algorithm[34,35] for adaptively training
the SLM pattern.
Considering an optical classifier to train, there are M differ-

ent DMD patterns and M corresponding pixels selected in the
camera sensor. The SLM pattern is divided into L segments to be
adaptively trained based on the feedback from the camera. For an
ideal SLM pattern, when displaying one of the DMDpatterns, the
light should be perfectly focused on the correct spot correspond-
ing to that pattern. Therefore, to quantitatively evaluate the per-
formance of the SLM patterns, the objective function is defined
to be the cross-entropy function:

f (z) =
M∑
i=1

M∑
j=1

Yij log Iij (z) (2)

where z is the vectorized SLM pattern with size 1 × L, Iij is the
light intensity at the spot “i” when displaying the DMD pattern
indexed “j”, Yij = 1 for i = j and Yij = 0 for i ≠ j. Since Iij(z) is de-
pendent on the unknown transmission matrix of the scattering
sample, it is hard to get the gradient information of this function
and use the conventional gradient descent algorithm for training.
Therefore, we train the SLMpattern based on SNES, which evalu-
ates the natural gradient bymultiple sampled results. Concretely,
during each iteration step,K different SLMpatterns denoted as zk
are randomly generated obeying the Gaussian distribution with
expectation𝜇 and standard deviation 𝜎. The objective function for
the distribution parameter (𝜇, 𝜎) is also evaluated by the K sam-
ples: J(𝜇, 𝜎) =

∑K
k=1 f (zk). For each iteration step, the parameters

are adjusted toward the natural gradient direction of the objective
function:

𝜇
′ = 𝜇 + 𝜂

𝜇
∇

𝜇
J, 𝜎′ = 𝜎exp

(
𝜂
𝜎

2
∇

𝜎
J
)

(3)

where 𝜂
𝜇
, 𝜂

𝜎
are the learning rates,∇

𝜇
J and∇

𝜎
J are the evaluated

natural gradients.[34] After that, the new set of SLM patterns is
generated according to Gaussian distribution with the updated
parameters. The above iteration repeats until the time limit.
The experiment setup is built based on the principle in

Figure 1, and more details are described in Section S1 (Support-
ing Information). The disordered sample is fabricated by deposit-
ing LiNbO3 powders on a glass substrate via electro-phoresis. The
scattering mean free path is ≈1.8 𝜇m as measured by a coherent
backscattering experiment (Section S5, Supporting Information).
The thickness is≈100𝜇mbymeasuring the power transmittance,
which indicates that the ballistic photons can be neglected and
the sample can be modeled as a random transmission matrix.[27]

Themeta parameters in the training are: sample numberK = 50,
learning rates 𝜂

𝜇
= 1 and 𝜂

𝜎
= 0.04. As a test, a parallel light beam

is focused through the disordered medium via adaptive training
in SNES (Section S2, Supporting Information) under the given
parameters, and achieves an enhancement factor of up to 2300,
which indicates that ≈3000 segments or spatial modes[27] can be
modulated independently for our setup. By numerical simula-
tions, we find that such a mode number is sufficiently large for
various tasks (Section S3, Supporting Information).

3. Experimental Section
First of all, we demonstrate a real-time beam modal decomposi-

tion by taking advantage of the phase-sensitive property of the disor-
dered medium.[36] The modal decomposition is highly needed in multi-
mode fiber communication and has been previously realized in different
systems.[20–22] We test our setup in this task as a primary demonstration.
Here, the LG modes are first generated with binary holograms displayed
onDMDbased on the superpixel method.[37,38] Themodulated light beam
composed of LG basis is the input of our ONN (Figure 2a). The light beam
is modulated by the phase mask on the SLM and scattered by the disor-
dered sample. The output pattern is then captured by the camera, where
15 sampling positions are pre-selected and each one corresponds with
an LG mode. The light intensity distribution at those sampling positions
identifies the mode spectrum of the input light beam. Originally, a ran-
dom phase mask was displayed on the SLM and captured images are also
random speckles. Then, the speckle pattern for all LG modes is captured
in sequence periodically. The cross-entropy function (Equation 2) is calcu-
lated with the light intensity at those sampling spots. The phase mask on
the SLM is then adaptively adjusted according to Equation (3). After such
adaptive training, each one of the LG modes is focused on its target pixel
in the output plane. Then, for an arbitrary input mode, by comparing the
light intensity distribution at all the sampling spots, the mode is identi-
fied, as in (Figure 2a) where the mode should be identified as (1,0) with
azimuthal order l = 1 and radial order m = 0. The field profile of all the
15 modes are shown in Figure 2b. The output speckles for two different
modes are shown in Figure 2c, indicating that both two modes are identi-
fied correctly. Note that the speckle outside the circular sampling regions
is out of our interest and is digitally filtered away only for better illustra-
tion. By recording light intensity distributions in sampling spots for all the
15 modes, a transfer matrix between input modes and output spots is ob-
tained in Figure 2d, given a Signal-Noise-Ratio SNR ≈ 33. Here, the SNR
is defined as the ratio between the average of the transfer matrix’s diag-
onal elements and off-diagonal elements. Furthermore, for the incident
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Figure 2. LGmode classification and decomposition throughONN. a) Experiment schematic diagram: a laser beam ismodulated by the binary hologram
displayed on DMD to be the LG (1,0) mode. The mode is as the input of the optical neural network and then modulated by the SLM and scattered by
the disordered medium. After that, the light beam is focused on the sampling position corresponding with mode (1,0). b) The field profile for all the 15
LG modes. c) Classification results for input mode (1,0) and (−1,1). d) Transfer matrix between input mode and output spot. e) Modal decomposition
for two different input-composed modes.

light beam composed of multiple modes, multiple focused spots emerge
in the output plane. Thus, the system can also realize modal decomposi-
tion (Figure 2e). The fields of two LG modes are summed to form a com-
posed one (Figure 2e). The composed field is projected by the DMD with
the superpixel method. In the ONN, bright spots emerge at the two cor-
responding positions simultaneously and hence the field is decomposed.
Meanwhile, the theoretical analysis (Section S3, Supporting Information)
concludes an approximated scaling law: SNR ≈ L∕M, which matches the
simulation results and indicates that the SNR can be improved in a linear
trend by controlling more SLM segments.

As a kind of neural network, our setup can also perform image classifi-
cation. We demonstrate it with hand-written digit classification based on
a subset of the MNIST datasets. Similar to beammodes classification, the

phase pattern on the SLM is also adaptively optimized so that when the
DMD displays different digits, the scattered light beam is focused on dif-
ferent spots (Figure 3a). Four examples of classification results are shown
in Figure 3c. After projecting 400 test images and capturing the output
speckle, we calculated the classification confusion matrix Figure 3d and
the classification accuracy is ≈83%. Our simulation (Section S4, Support-
ing Information) indicates that the accuracy can be further improved and
reach 90%withmore controllable segment numbers, approaching the per-
formance of digital linear neural networks.[9] For the experiment, the con-
trollable segment number is limited by mechanical instability,[27] which
could be improved in the future.

Next, we use the setup for image transmission through a diffuser. The
transmission matrix method is a universal technique for imaging through

Laser Photonics Rev. 2025, 19, e01407 © 2025 Wiley-VCH GmbHe01407 (4 of 9)
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Figure 3. Hand-written digits classification. a) Experiment schematic diagram: A laser beam illuminates the DMD and an image of digits “1” is projected.
With the optical operator composed of an SLM and disordered medium, the light beam is focused onto the corresponding sampling spot. b) Example
of test digits for our ONN c) Four examples of successful classification results of the digits. d) The confusion matrix.

strongly disordered medium,[23] since it does not rely on ballistic pho-
tons or memory effects compared with other methods.[39–41] However, to
obtain the transmission matrix, one needs to implement interferometer
measurements, which is very complicated and time-consuming.[28] The
image reconstruction also requires phase measurement of the scattered
field and matrix inversion,[23] severely limiting the imaging frame rate. In
our setup, to avoid those issues, the transmission matrix is not measured
directly. Instead, we train the ONN so that it realizes the transmission
matrix inversion optically.

As in Figure 4a, an image of the alphabet is projected by the DMD and
then scrambled to random speckle patterns by a diffuser. The scattered
speckle is then modulated by the SLM and scattered again by the disor-
dered sample as before. For the output plane, we also select a grid of pixels
to form the reconstructed image. Practically, we deal with low-resolution
images consisting of 5 × 7 pixels. With an optimized SLM phase pattern,
the original alphabet image is optically reconstructed in the output plane.
For the optimization, theDMDdisplays 5 × 7 “one-hot” imageswhere only
one pixel is bright in sequence, and the SLM pattern is trained adaptively
with the SNES as before. When turning on different pixels, the light is scat-

tered and forms totally different speckle patterns after the first diffuser
(Figure 4b,c, inset). However, after the trained ONN, the scattered light
beams are focused again to their corresponding target spot in the out-
put plane (Figure 4b,c). By capturing the output images for all 35 input
pixels, we measured the transfer matrix between input and output pixels
(Figure 4d), showing the SNR is ≈40. Then, we turn on two input pixels
and the corresponding two output pixels also get bright (Figure 4e). In
this way, it can realize the optical reconstruction of scattered images, as
demonstrated for the four alphabet images in Figure 4f. Here, to elimi-
nate the spatial coherence at the input pixels that is absent in most imag-
ing cases with incoherent light illumination, the input image is displayed
in a time-division multiplexing way where different pixels are modulated
individually in sequence.

Since our optical neural network does not involve wavefront measure-
ment or complex data processing as in previous works, it can reconstruct
the image behind diffusers in real-time. Moreover, the ONN is trained
based on the one-hot images for all the pixels, instead of datasets of some
particular types of images such as MNIST in previous works.[12,42] There-
fore, the trained ONN is adaptable for images with 5 × 7 pixels in arbitrary
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Figure 4. Real-time image transmission through diffuser. a) Experiment schematic diagram: the original image of character “T” is projected by the
DMD and scrambled to random speckles by the diffuser. The random speckle is the system input. With an optical operator composed of an SLM and
disordered medium, the original image is optically reconstructed in the output plane. b,c) Output for two different input pixels. In the output plane, the
light is focused onto different pixels for the two cases. d) The transfer matrix between input and output pixels. e) Output image when both the two input
pixels in (b,c) are turned on. f) image reconstruction results for images of four characters “SJTU”.

structures. As a demonstration, we project a comic video (Supplementary)
with the DMD. After adaptively training the SLM phase pattern as before,
each one of the frames is optically reconstructed at the output plane with-
out any delay. Several subsequent frames with a duration of 10 ms are
shown in Figure 5, indicating that the video is faithfully reconstructed.

Though we mainly study linear ONN in this work, the setup can also
serve as a nonlinear ONN based on the second harmonic generation
(SHG) of Lithium Niobite powders in the disordered medium. The ex-
periment setup is basically the same as the linear one. The major differ-
ence is that the light source is replaced by a pulsed laser in 1064 nm and
the harmonic speckle pattern in 532 nm is recorded. Based on the scalar
wave approximation,[33] such a nonlinear process can be roughly mod-
eled in a similar form to the linear model by: Y = PH2|H1ΦQX|2, where
Q is the up-sampling function, Φ is the SLM’s modulation matrix, H1 is
the transmission matrix of the disordered medium for fundamental light,
H2 is the transmission matrix for harmonic light, the modular square op-
eration comes from the SHG process, and P is the downsampling ma-

trix. Similar to the linear networks, the nonlinear network is controllable
by modulating the SLM pattern, and hence can be trained with the same
pipeline as that in Figure 2a. As a demonstration, the nonlinear network
is utilized for the modal classification of the 15 modes (Figure 6a). After
adaptive training, the harmonic light can be focused on different spots for
different input modes (Figure 6b). The intensity profile is utilized for clas-
sification as in the linear case. Those intensity profiles for all 15 modes are
recorded to form the transfer matrix in Figure 6c. The SNR is 19.2 from the
transfer matrix, which is slightly lower than the linear network in Figure 2.
Due to the nonlinear interaction inside the nonlinear disordered sample,
the output pattern of composed modes is not simply the superposition of
singular modes. Therefore, the nonlinear network optimized for classifi-
cation according to Equation (2) cannot be used directly for decomposi-
tion. Alternatively, the multiple modes are displayed in a time-sharing way
and the output patterns are recorded only as a reference. When inputting
multiple modes, bright spots also emerge at the corresponding positions
(Figure 6d).
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Figure 5. Live video transmission through a turbid medium: output image captured for subsequent frames of an input homemade comic (See the Video
S1, Supporting Information).

Compared to the linear network, the nonlinear network is more diffi-
cult to train since the light source is a femtosecond pulsed laser (Figure
S2, Supporting Information) which is hard to stay stable for a long time.
Also, the complicated nonlinear interaction limits its utilization in modal
decompositions and imaging. Therefore, we only demonstrate it in modal
classification but not in more advanced tasks. However, those results still
indicate that our platform based on a nonlinear disorderedmediumwould
be a good candidate for multi-layer nonlinear ONNs.

4. Conclusion

We demonstrated a multi-functional ONN based on the archi-
tecture of disordered medium and wavefront shaping. This ar-
chitecture can realize both arbitrary linear operations within a
specific size. For different linear operations, the network is mod-
ified only by switching the phase patterns on the SLM, while all
the mechanical parts, lenses, and disordered samples are un-
changed. Therefore, it can work as a universal ONN for vari-
ous tasks including optical modal decomposition, image classi-
fication, and image transmission through diffusers. Compared
with the digital methods, our setup directly operates on the light
field and thus avoids the complicated wavefront measuring pro-
cesses. Different from the diffraction neural networks with mul-

tiple SLMs, our method utilizes the disordered medium for con-
necting the modulated modes. Therefore, it needs only a single
SLM to achieve comparable performances. Also, since the scat-
tering inside the disordered medium has scrambled the spatial
structure, the position of the sampling positions in the output
plane can be arbitrarily assigned, which is not the case in diffrac-
tion neural networks[7] or Fourier neural networks[9] and might
provide more freedom in imaging. Moreover, such a platform
could also be trained to accelerate various time-consuming imag-
ing tasks, such as super-resolution imaging[43,44] and wavefront
measurement.[28] In our current setup, as a demonstration, the
frame rates of the test input fields are still limited below 100 Hz
due to the limitation of camera image acquisitions. However, this
is not always an inherent limit since one can replace the camera
with photodetectors placed at sampling positions. Also, the in-
put field can bemodulated with electro-optical modulators rather
thanDMD for high-speed purposes and the parallel field process-
ing rate would be increased to gigahertz.
The major deficiency in the current work is a long time (sev-

eral hours) for network training, especially for image classifica-
tion which has a large dataset. To keep the disordered medium
stable for such a long time, it also has a high requirement on
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Figure 6. LG mode classification with nonlinear ONN. a) the field profile for all the 15 LG modes to be classified. b) Classification results for input
modes (1,0) and (−1,1). c) Transfer matrix between input mode and output spot. d) Modal classification results when displaying multiple input fields
in a time-sharing way.

mechanical components, external vibration, sample tempera-
ture, light sources’ stability, and various aspects. The problem is
more serious for nonlinear ONN where the applied pulsed laser
source is hard to keep highly stable. Due to those issues, the non-
linear ONN is only demonstrated for a simple LG modal classifi-
cation and has not manifested its power. To accelerate the train-
ing and address those problems, one needs to develop more ad-
vanced training algorithms, which deserve further investigations
in the future.
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