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Abstract. The optical environment plays an important role in modulation of nanophotonics devices, which
potentially would make it possible in development of tunable optical diffractive neural network (ODNN), which
would significantly progress the capability in machine learning tasks. However, most of the current research on
ODNN is focused on passive nanostructures in atmospheric environments, which only gives a fixed optical
response of learning, while limited discussion on the performance has been reported in other tunable spatial
environments. In this paper, model of the training and testing effects of ODNN in different optical environments,
especially in birefringent nematic liquid crystal based on the Rayleigh-Sommerfeld diffraction is systematically
investigated and analyzed. ODNNmodels are trained in air, water and liquid crystal environments at the visible
light wavelength of 532 nm. The results indicate that ODNN is sensitive to changes in the testing environment,
and the inference capability of the network degrades as the deviation between the testing environment and
training conditions becomes significant. Different learning tasks can be carried out by tuning of the optical
environment in device. Since liquid crystal is a widely used electronic material tunable under different external
physics conditions, these results provide a starting point to introduce more effective dimensions of optical
learning in a tunable ODNN electronic device.

Keywords: Tunable optical diffractive neural network / Metasurface / multi-task machine learning /
liquid crystal
1 Introduction

Traditional artificial intelligence relies on electronics for
computation, but its signal processing speed and energy
consumption are constrained by the limitations of von
Neumann-based computing hardware. Consequently,
optical computing, which utilizes photons instead of
electrons for computation, has gained significant impor-
tance [1]. Optical Diffractive Neural Network (ODNN) is a
recent innovation born from the integration of optics and
deep learning [2]. It has been demonstrated as an effective
implementation for optically trained networks, offering
advantages such as light-speed transmission, low power
consumption, and high parallel processing capabilities. By
leveraging the interaction between light and matter,
ODNN models the diffraction propagation of light and
wavefront modulation as neural connections and weighted
linear summation in neural networks, thereby enabling
optical artificial intelligence functionalities. Physical
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experiments on ODNN have been reported, and research
on expanding its functionalities, such as imaging [3], optical
logic gate operations [4,5], image reconstruction [6],
spectral imaging [7], bidirectional focusing lenses [8],
multiplexing and demultiplexing [9,10], and holography
[11], has also been published.

Currently, most ODNN research focuses on long
wavelengths (such as terahertz and gigahertz), large-scale
structures, and limited learning capability with untunable
diffractive devices. In the field of photonic information
processing, there is a particular need to focus on processing
shorter wavelengths like near-infrared and visible light [12].
For ODNN, learning by shorter wavelength lights means
the smaller physical dimensions of diffractive elements,
which plays a crucial role in achieving structural
miniaturization for device integration. At the same time,
when the diffractive elements of machine learning device
become tunable, it can be used to serve in the reconfig-
urable ODNN. Currently, the research primarily explores
methods to alter the nano atom structure of diffraction
layers to achieve reconfigurability in ODNN, such as
programmable metasurfaces atoms [13], magneto-optical
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materials [14] etc.Anothermethodcanbepotentiallyapplied
involves reconfiguring phase modulation in ODNN by
modifying the optical environment. For example, liquid
crystal-based reconfigurable metasurfaces can adjust the
effective dielectric constant by varying the DC voltage
applied to microstrip patches on liquid crystal cells, thereby
tuning the phase difference at different positions on the
metasurface. [15–17] Considering the principles of ODNN,
changes in the optical environment can exert impact on the
diffraction transmissionandwavefrontmodulation.However,
almost all current ODNN research primarily focuses on
atmospheric environments, even less the studies of optical
machine learning modulated by other optical environments.

In this paper, model of ODNN to realize different
machine learning tasks by tuning of optical environment is
proposed and systematically investigated, including the
impact of the optical environment of diffraction on ODNN
performance at visible light of 532 nm. The diffractive
optical environment is simulation and training is set from
air to liquid crystal media by modulating the optical
refractive indices. This study aims to explore a new
possibility for reconfigurable multi-task ODNN, where
tasks can be switched by altering the optical environment
of the ODNN, which can be seen as a starting point of study
to develop tunable ODNN devices.

2 Material and methods

The diffractive neural network is an artificial optical neural
network whose hidden layers are physically composed of
several diffractive surfaces. As shown in Figure 1, each pixel
unit on the diffractive surface can be seen as an optical
diffractive neuron. According to the Huygens–Fresnel
principle, each neuron can be considered as a secondary
source of waves. The neurons between layers are inter-
connected via secondary waves through optical diffraction,
which can be represented by the following equation:
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incident light, and n is the refractive index of the optical
environment. So, the output from the ith neuron from the
pixel (xi, yi, zi) of the lth layer can be expressed as:
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the complex transmitted coefficient, while al
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the amplitude coefficient, and fl

iðxi; yi; ziÞ is the coefficient
of phase. For a pure phase ODNN framework, the
al
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situation. k is the number of neurons of the (l-1)th layer. So,P
k n

i�1
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waves from all the neurons of the previous layer, which
forms a full connection of neural network.
Through optical diffraction, the output light from the
previous layer can be transmitted as the input light for the
next layer. The diffractive layers modulate the light, which
then propagates forward and is output. Assuming there are
M diffractive layers, the light intensity distribution at the
output plane is as follows:

IMþ1 ¼ jUMþ1j2: ð3Þ
Deep learning tasks can be executed based on the

output light intensity distribution. In the handwritten digit
classification task, ten non-overlapping detection areas are
defined on the output plane, and the optical signal intensity
in each area is measured. Each detection area corresponds
to one digit, and the classification criterion is to identify the
area with the highest optical signal intensity. The
prediction result from the forward propagation output
plane is compared with the training objective of the
diffractive network, and the resulting error is back-
propagated through the layers. The parameters of each
network layer are iteratively updated using stochastic
gradient descent. A softmax function is applied before the
output layer to highlight the region with the highest light
intensity. This setup is solely used to enhance gradient flow
during training and does not affect the training intensity.
The cross-entropy function is employed as the loss
function, which significantly improves the accuracy of
handwritten digit classification. The cross-entropy func-
tion is defined as:

Hðp; qÞ ¼ �
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l
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in which pliðxÞ ¼ exP
k
ex
is the output of softmax layer, while

qliðxÞ is the real value. Images from the MNIST dataset
(60,000 training images and 10,000 test images) are used as
inputs to train the network for digit classification, with
phase modulation constrained to the range of (0, 2p).

Here, we consider the impact of the spatial environment
on the performance of the network model. As shown in
Figure 2, the optical environment is defined by the
refractive index near the nano structure pixels. Different
environments primarily alter the refractive index of the
space, and changes in the spatial refractive index mainly
affect the optical diffractive neural network in two aspects.
First, the diffraction transmission between layers is
influenced, as understood from equation (1), which
describes the effect of refractive index on diffraction.
Second, the phase modulation of the diffractive layer
changes. When a trained diffractive phase plate F1,
obtained in a specific spatial environment with refractive
index n1, is placed in a new testing environment with
refractive index n2, the phase modulation parameters shift
as follows:

f2 ¼
nm � n2

nm � n1
f1 ð5Þ

where nm is the refractive index of the material used to
fabricate the neurons. Under changes in both inter-layer



Fig. 1. The structural diagram of the optical diffractive neural network in the optical environment.

Fig. 2. The sketch of principle of diffractive neural network modulable by optical environment. The inset at the right side shows the
switch of tasks by control of liquid crystal molecules near the neuron pixels between vertical and horizontal alignments.
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diffraction and phase modulation, the performance of the
optical diffractive neural network will consequently vary.

The LC material parameters applied for ODNN
learning were referred to the vendor’s specifications (Merck
Co., Ltd.) of nematic E7 product, characterized by a strong
birefringence between the extraordinary and ordinary
refractive indices at room temperature (Δn=ne - no ≈ 0.2).
The incidence was set normal to the nanostructure’ surface
with the polarization parallel to the x-axis direction. The
optical environment was modulated by switching the
alignment angle of liquid crystal molecules fromOFF state,
i.e. the incident polarization was initially aligned parallel
with the slow axis of extraordinary refractive index, i.e.
x-axis, to the ON state, i.e. the LC cells were set upward,
with an ordinary refractive index for the incident
polarization. The phase modulation response of liquid
crystal is previously simulated by Lumerical FDTD before
introducing to the diffractive neural network training. The
learning results were trained by changing the alignment
status of the LC molecules to simulate the control of LC
based tunable device.
3 Results and discussion

The impact of the number of layers and neuron density on
the performance of the optical diffractive neural network
(ODNN) was firstly analyzed to select appropriate network
parameters for further study. Using the handwritten digit
classification task as the inference task for the ODNN, the



Fig. 3. The variation in numerical classification accuracy of the network under different parameters. (a) Layer number, (b) diffractive
neuronal arrays.

Fig. 4. Binary classification tasks; (a) diffractive phase plates, (b) output intensity, (c) energy proportion in air environment testing,
(d) energy proportion in aqueous environment testing, (e)–(h) ten classification tasks.
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commonly used MNIST dataset (consisting of 60,000
training images and 10,000 test images) serves as the
training data for the diffractive neural network. The
network parameters are updated via error backpropagation
and the stochastic gradient descent algorithm. After 20
epochs of iterative training, the digit classification accuracy
is output. Initially, the diffractive neural network is
configured with each layer containing 100� 100 neurons,
a feature size of 1.6 mm for the diffractive neurons, and an
inter-layer diffraction distance of 400 mm. Under an
operating wavelength of l ∼ 532 nm (visible light), the
variation in digit classification accuracy with changes in
the number of network layers is shown in Figure 3a. The
classification accuracies for 1 to 5 layers are 94.19%,
94.86%, 94.81%, 94.91%, and 94.74%, respectively. As
the number of layers increases, the network’s
performance improves, demonstrating the advantage of
depth. However, when the number of layers is further
increased, the performance saturates, with only minor
fluctuations in classification accuracy. Notably, even a
single-layer network achieves a high classification accuracy
of 94.19%. The accuracy is determined based on the
intensity ratio defined as the ratio between the intensity of
light within the targeted region with respect to the total in
all designed labels’ regions. The higher intensity ratio in the
targeted region means more light will be diffracted to this
region, i.e. high probability of correct learning of DNN.
Subsequently, taking a single-layer network as an example,
the variation in classification accuracy with different
neuron densities is analyzed, as shown in Figure 3b. The
performance is optimal when the diffractive layer contains
100� 100 neurons. Therefore, this paper primarily designs
a diffractive neural network with a single layer of 100� 100
neurons.

The diffractive neural network is trained in an air
environment first for both binary classification and ten-
class classification tasks to analyze the impact of task
complexity. Networks with different numbers of layers
(one, two, and five layers) are designed for comparison. The
training results are shown inFigure3.Figures4aand4e show



Table 1. ODNN test in free space with different layers.

Task 1 layer 2 layers 5 layers

2-class Intensity ratio 96.92% 99.02% 98.75%
Accuracy 100% 100% 100%

10-class Intensity ratio 41.32% 43.07% 55.08%
Accuracy 93.42% 94.65% 94.91%
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thediffractivephaseplatesobtained fromtraining the single-
layer ODNN on the binary and ten-class classification tasks,
respectively. When incident light encoded with the hand-
written digit “0” is input into the ODNN, the proportion of
optical signal intensity in the designated detection regions is
obtained for both tasks. Figures 4b and 4f show the output
optical field distributions for the binary and ten-class
classification tasks, respectively. The red boxes indicate
the detection regions corresponding to the classification
labels. The optical signal intensity in the detection region
corresponding to the digit “0” is significantly higher than in
other regions. The bar charts showing the energy proportion
in each detection region are presented in Figures 4c and 4g,
indicating correct identification by the ODNN. Meanwhile,
as the number of network layers increases, the binary
classification task maintains 100% classification accuracy
and high energy proportion, while the ten-class classification
task shows a slight improvement in both classification
accuracy and energy proportion, as detailed in Table 1. This
demonstrates that theperformanceof thediffractive training
is satisfactory even with a single-layer diffractive structure.
Moreover, similar results can be obtained in an aqueous
environment, with the binary classification task still
achieving 100% classification accuracy, while the ten-class
classification task achieves an accuracy of 85.77%, which is
slightly lower than the performance in the air environment,
likely due to light scattering in the aqueous environment.

Next, we take the single-layer diffractive neural
network as an example, and the model previously trained
in air is subsequently tested in an aqueous environment.
Under the condition of a refractive index difference of Dn ∼
0.33 between the two environments, the phase modulation
of the diffractive layers in the network also changes. When
incident light encoded with the same handwritten digit “0”
is input, the energy distribution across the detection
regions becomes highly uniform for both the binary and
ten-class classification networks, as shown in Figures 4d
and 4h. The energy proportion in the detection region
corresponding to digit “0” drops from 96.92% to 41.28% for
the binary classification task, and from 41.32% to 7.652%
for the ten-class task. Concurrently, the classification
accuracy of the binary task decreases to 61.65%, while that
of the ten-class task drops to 10.78%. Similarly, when a
model trained in the aqueous environment is tested in air,
the classification accuracy of the binary task drops from
100% to 59.86%, and the ten-class task accuracy falls to
7.89%. These results clearly demonstrate that the optical
diffractive neural network loses its original inference
capability when the testing environment does not match
the training conditions.
To further investigate the adaptability of the optical
diffractive neural network to testing environments, this
study uses air and aqueous environments as examples.
Binary and ten-class classification networks were trained in
each environment, and their performance was subsequently
tested in environments with refractive indices ranging from
n= 1 to 1.8. As shown in Figure 5, panels (a) and (b)
present the results of binary classification networks trained
in air and aqueous environments, respectively, tested
across different environments. Similarly, panels (c) and (d)
show the results for ten-class classification networks
trained in air and aqueous environments under varying
testing conditions. Analysis reveals that each network
model achieves optimal digit classification accuracy when
tested under its respective training conditions. However, as
the refractive index of the testing environment deviates
from that of the training environment, the classification
accuracy gradually decreases. As the deviation between the
refractive index of the testing environment and that of the
training environment gradually increases, the inference
performance of the entire network model progressively
declines until it diminishes entirely. When the task
performed by the optical diffractive neural network shifts
from binary classification to ten-class classification (i.e.,
task complexity increases), the network’s adaptability to
the testing environment decreases. This is evident from
the effective testing environment range within which the
network maintains reliable inference performance. For the
binary classification network model trained in air, its
performance is considered suboptimal when the digit
classification accuracy drops below 70%. At this point, the
permissible deviation in the refractive index of the testing
environment is approximately Dn ∼ 0.28. In contrast, for
the ten-class classification network, performance is deemed
suboptimal when the classification accuracy falls below
50%, with a corresponding permissible refractive index
deviation of only Dn ∼ 0.2. Furthermore, network models
trained in high-refractive-index environments exhibit
greater sensitivity to changes in the testing environment,
resulting in a narrower effective testing environment range.
For instance, the permissible refractive index deviations for
binary and ten-class classification networks trained in an
aqueous environment are Dn ∼ 0.2 and Dn ∼ 0.1,
respectively.

It is important to consider the material used for
fabricating the diffractive layers in the experiments. This
study uses photoresist with a refractive index of nm= 1.55
as the sample material. When the refractive index of
the testing environment matches that of the diffractive
layer material (nm=n2), the network loses its inference



Fig. 5. Binary classification network model tested in refractive index n= 1∼1.8 environment (a) train in air, (b) train in aqueous; ten
classification network model tested in refractive index n= 1∼1.8 environment (c) train in air, (d) train in aqueous.
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performance regardless of the training conditions. This can
be explained by the phase shift reduction described in
equation (5) when nm=n2. On the other hand, the effective
testing environment range of the optical diffractive neural
network shrinks as the number of network layers increases.
For example, when the number of layers increases from one
to five, the permissible refractive index deviation narrows
from Dn ∼ 0.1 to Dn ∼ 0.04. This is because the increased
network complexity amplifies the impact of the optical
environment on multi-layer diffraction modulation, lead-
ing to a more pronounced environmental response.

Next, we consider to use the ODNN to realize both the
digital recognition and parity classification by switching
the LC alignment. The diffractive pixels’ parameters were
first trained with LC environment with horizontal
alignment (OFF state) for digital recognition and vertical
alignment (ON state) for parity classification. As shown in
Figures 6a and 6b, the sample were first trained and
prepared for each task only and test for hand writing digit.
The accuracy can be expected to about 77.03% for 10-digit
classification and 91.34% for the parity classification
between oven and odd for the input hand writing digit
1. To explore the possibility of two-task switchable ODNN
by control of LC, a combined sample is prepared by cross
arranging the pixels of both tasks previously trained. As
shown in Figures 6c and 6d, the digits can be still correctly
recognized for both digit and parity properties. The
accuracies were decreased to 64.25% for digit recognition
and 88.26% for parity classification. It can be attributed to
the crosstalk of optical diffraction when the two structure
were combined on the same ODNN structure.
In summary, the influence of the testing environment on
the inference performance of optical diffractive neural
networks intensifies with increasing network complexity.
The LC can be used to switch the training task between digit
recognition and parity classification, which shows a correct
result. This phenomenon provides a new degree of freedom
forODNNdesign.Byaccounting for the impactof theoptical
environment during the training phase, it is possible to
achieve satisfactory inference performance for optical
diffractive neural networks in arbitrary environments. This
approach holds promise for achieving reconfigurability in
optical diffractive neural networks, especially in LC devices.
4 Conclusion

Based on the Rayleigh-Sommerfeld diffraction theory, this
study establishes an optical diffractive neural network.
Models trained in air and aqueous environments for binary
and ten-class classification tasks accurately perform
inference tasks. Subsequently, these models were tested
in environments with different refractive indices to
evaluate performance changes. The inference capability
of the network declines as the deviation between the testing
and training environments increases, maintaining qualified
performance only within a specific deviation range.
Furthermore, the study concludes that the network
exhibits higher sensitivity to the testing environment as
the complexity of both the inference tasks and the network
itself increases. Due to the responsiveness of optical
diffractive neural networks to testing environments,



Fig. 6. Comparison of LC modulable ODNN based on hand writing digit: (a) digital recognition and (b) parity classification task
tested under horizontal and vertical LC alignment environments for digit 1. (c) Digital recognition tested for a two-task combined
sample and (d) comparison of parity classification between digit 1 and 8 for the combined sample.
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an additional degree of freedom can be incorporated
into their design. This perspective may guide future
development of multi-task optical diffractive neural net-
works. Additionally, this research is significant for applying
optical diffractive neural networks in image detection
within other fields, such as biomedical applications.
Leveraging this characteristic, future work could poten-
tially expand the functionality of optical diffractive neural
networks to areas such as solution concentration detection.
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