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Abstract
Over the last few years, optical computing has become a potential solution to computationally heavy convolution, aimed at
accelerating various arti�cial intelligence applications. However, past schemes have never e�ciently realized fully parallel
optical convolution. Here, we propose a new paradigm for a universal convolution accelerator with truly massive parallelism
and high precision based on optical multi-imaging-casting architecture. Speci�cally, a two-dimensional Dammann grating is
adopted for the generation of multiple displaced images of the kernel, which is the core process for kernel sliding on the
convolved matrix. Our experimental results indicate that the computing accuracy is typically close to 8-bit, and this accuracy
can be improved further by using hybrid analog–digital coding method. In addition, a convolutional neural network for the
standard MNIST dataset is demonstrated, and the recognition accuracy for inference is up to 97.3%. The paradigm reported
here will open new opportunities for high-throughput universal convolution accelerators for real-time or quasi-real-time AI
applications.

Introduction
A convolutional neural network (CNN), as “convolutional” implies, involves extensive convolution operations among
neighboring layers, followed by batch normalization and nonlinear activation for expected performance1–3. Interestingly,
these massive linear multiply–accumulate (MAC) operations account for more than 80% of the total number of calculations
for deep neural networks (DNNs)4. Thus, the convolution operation, which is not suitable for modern advanced electric serial
processors, is becoming the heaviest burden for arti�cial intelligence (AI) algorithms. In addition, with an increase in the
scale of the network, the computational overhead of convolution operations also increases exponentially. It has been shown
that the amount of computing power required to train state-of-the-art DNNs has doubled every 3.5 months5, which is far
beyond that of traditional electrical integrated circuits (EICs) following Moore’s law. Although the calculation of convolution
can be accelerated by using parallel electrical coprocessors, such as graphics processing units (GPUs) and tensor
processing units (TPUs), it is still di�cult to handle millions of MAC operations in a fully parallel manner for DNNs
practically6,7. In contrast, it has been proven that a large number of MAC operations can be simultaneously executed during
a single pass of light, and this may be the prime motivation for the recent interest in optical computing8,9. In fact, photonic
solutions for computing have been investigated for at least 70 years10–12. However, compared with fast-growing EICs, the
development of optical computing gradually slowed down in the late 2000s10 because of the lack of application-driven
motivation and adequate optical convolution architectures.

Recently, due to the remarkable achievements in AI, there has been a revived interest in trying to improve computing power,
energy e�ciency, and processing speed by exploiting photonic or hybrid optical–electric processors instead of their
electronic counterparts8,9,13−15. Two mainstream architectures for optical computing have been rapidly developed. One is
based on a planar waveguide on a two-dimensional (2D) substrate16,17, and the other is realized by multiple cascading
diffractive optical elements (DOEs) in three-dimensional (3D) space18. However, the planar architecture, including both
Mach–Zehnder interferometers16 and microring resonators19,20 does not make full use of the 3D interconnection capability
of optics, whereas the 3D architecture requires full manipulation of the electromagnetic �eld with high precision; thus, it will
be challenging to fabricate high-precision subwavelength DOEs in 3D space21.

Although it was predicted that photonic processors have the potential to be at least ten thousand times faster than state-of-
the-art EICs13,14, the past schemes have not realized fully parallel convolutional computing compared with their electronic
counterparts, especially when high precision is required. Here, we propose a new paradigm for a universal convolution
accelerator with full parallelism and adequate precision based on optical multi-imaging-casting (OMica) architecture, which
is capable of calculating the arbitrary-encoded hybrid analog–digital matrix convolution. The architecture can be seen as
the starting point of a new roadmap for optical computing, with potential for building fully massively parallelized optical
convolution accelerators to overcome the intrinsic shortage of computing power and unsatisfactory energy e�ciency of
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EICs. Furthermore, it promises to give full play to the advantages of AI algorithms or accelerate other practical applications
where rapid big data processing is desired.

Results
OMica Accelerator Architecture

A schematic of the OMica architecture proposed here for the acceleration of the universal matrix convolution is shown in
Fig. 1. The light that carries the information of kernel A is replicated into multiple beams with different angular orientations
by a 2D beam splitter, and thus, each sub-beam carries all the information of kernel A and propagates along its own
diffraction angle. Next, these sub-beams pass through a 4F lens system, which comprises a pair of Fourier lenses, L1 and L2,
and projects multiple displaced images of kernel A onto its conjugate plane at a magni�cation of ´1, where the feature map,
matrix B, is located. Thus, once the sub-beams carrying information of kernel A pass through matrix B, element-wise
multiplication is simultaneously realized. The kernel’s sliding process is automatically executed with massive parallelism if
the appropriate distance d between matrix A and the beam splitter is selected, making the displaced distance equal to the
element spacing of matrix B (see Supplementary Note 1). Finally, each sub-beam carrying the information of the element-
wise multiplication of displaced kernels A and matrix B are truncated by the aperture of the modulator located in matrix B,
and the passed �eld is focused by another convergent lens L3 to execute the accumulation operation. Moreover, the
accumulations for these sub-beams are inherently separated in the Fourier plane of lens L3 due to the difference in the
angular spectra for these sub-beams; thus, the �nal convolution matrix C is obtained from the 2D spot array on the Fourier
plane, that is,

C = A ⊙ B (1)

where ‘⊙’ means convolution operation. In addition, owing to the object–image conjugate con�guration, the OMica
accelerator proposed here possesses a large space-bandwidth product22-2433, which makes it possible to realize massive
parallelism with su�ciently high accuracy.

In our proof-of-concept implementation, a homemade 2D even Dammann grating (DG) was inserted into a 4F system (Fig.
1(a)), working as a beam splitter for the generation of multiple displaced images of convolution kernel A (see Methods and
Supplementary Notes 1 & 5). Here, the even DG is the critical element for the realization of simultaneous translational
sliding of kernel A on feature map B. Two spatial light modulators (SLMs) are located on the object and image planes of the
4F system, where the two convolution matrices, kernel A and feature map B, are dynamically loaded. In the experiment, the
light intensity was used as the information carrier, and two amplitude-only SLMs were used to embed the information of
Kernel A and feature map B into the incident uniform light beam. Therefore, in principle, only nonnegative matrices can be
loaded and calculated based on this hardware. To overcome this drawback, an arbitrary digital encoded method was
developed for hybrid analog–digital optical convolution computing. In a hybrid analog–digital framework, one can easily
decompose a negative arbitrary-bit matrix, in the same form as a positive matrix, into one larger-scale or several same-size
low-bit matrices in spatial or temporal sequences, respectively25,26. In other words, both positive and negative numbers in

the original matrix can be expressed as , where {cn} are N-separated k-bit bytes, and each {cn}
denotes a k-bit number, with  n = 0, 1, 2, …, N−1. After this decomposition, a negative arbitrary-bit matrix is transformed into
low-bit non-negative matrices, and it is possible to load these matrices on the SLMs. The principle of this encoding method
is shown schematically in Fig. 1(b). Notably, there is a balance between computing precision and computing power, which
can be tuned by changing the parameter k. A small k suggests that a higher precision and a lower computing power will be
generated, whereas a large k indicates a large computing power and relatively low precision. Therefore, compared with
analog optical convolutional computing, this encoding method can improve the computing precision to the same extent26.
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Here, as an example, the encoding process is demonstrated step-by-step for a matrix with elements having a quaternary (2-
bit) number under the condition of k = 1. First, the quaternary number for each element of the high-bit matrix to be encoded
is expressed in multiple low-bit elements after encoding. For example, the �rst element is written as −2 = 0 × (−2)2 + 1 × (−2)1 
+ 0 × (−2)0. Thus, each element of the matrix to be encoded is expressed as multiple elements in the encoded matrix.
Therefore, the elements of the matrix are arranged in rows after encoding, denoted as P1, P2, P3, P4, P5, and each element in
the column direction is encoded with three bytes, denoted as Bit3, Bit2, and Bit1, as shown in Fig. 1 (b). For example, the �rst
element, −2, is expressed as {010} in the �rst column of the encoded matrix, that is, c2 = 0, c1 = 1, and c0 = 0. Then, the
converted matrices are sequentially loaded onto the SLMs for computing in a temporal or spatial sequence. Notably, in a
spatial sequence, some zero elements should be inserted into the encoded matrix between two adjacent rows or columns of
the original high-bit matrix to avoid aliasing. In this situation, the physical pixels of the SLMs will not be fully utilized
because of the redundant zero elements. On the other hand, the encoding method in temporal sequence takes full
advantage of the physical pixels of SLMs. However, the convolution must be executed between all bits of either kernel A or
matrix B, and thus the refresh rate of the system will be at a large discount. Therefore, a compromise should be struck
between high computing power and high computing precision by choosing an appropriate parameter k when OMica
hardware is used for computing acceleration in the hybrid analog–digital framework described above.

Hybrid Analog–Digital Coding Matrix Convolution

As an example, the hybrid analog–digital optical convolution of 10 pairs of random binary matrices, 10 pairs of quaternary
matrices, and 10 pairs of quaternary matrices with negative elements are demonstrated. In our proof-of-concept experiment,
the maximum matrix size loaded into OMica hardware is about 10 × 10 due to the �nite signal-to-noise ratio caused by the
�nite contrast of re�ective liquid crystal SLMs available. Fig. 2 compares the experimental results of the optical convolution
of a pair of binary matrices and two pairs of quaternary matrices with the theoretical results. The results, typical of these
three types of matrix convolutions, are shown in Figs. 2(a) – (c). In each box, the theoretical results obtained by an electric
computer (full precision, 64-bit) are illuminated in the �rst sub�gure of the �rst row. The light intensity distributions of the
spot arrays on the detected plane, denoting the raw results of the convolution, are shown in the second sub�gure, and the
experimental results before decoding are shown in the third sub�gure. The absolute error map, de�ned as |Ctheo−Cexp|, is
shown in the last sub�gure of the �rst row, where Ctheo and Cexp are the theoretical and experimental convolutional results,
respectively, and “|.|” denotes the absolute operation. In addition, the theoretical and experimental results of the convolution
after decoding are shown in the �rst and second sub�gures in the second row. It is shown that the overall trend of the
experimental and theoretical results of the convolution is consistent. 

Fig. 2(a) shows the results of the convolution of two 10 × 10 binary matrices. It can be seen that the mean value of the
absolute errors |Ctheo−Cexp| is 0.240, and the maximum error is below 0.4, indicating that the computing accuracy after
digitalization is 100%. Fig. 2(b) shows the results of the convolution of two 3 × 10 2-bit matrices. The mean value of the
absolute errors is 0.114, and it is seen that the maximum value is approximately 0.239 before decoding, which
indicates that high precision is achieved by the OMica architecture. Fig. 2(c) shows the results of the convolution of two 2 ×
10 2-bit matrices with negative elements. The mean error is 0.080, and the maximum value is approximately 0.145. It should
be noted that the mean error before decoding is greater than that of the other two cases, mainly due to the increased
crosstalk resulting from relatively large convolution elements. Moreover, the other two encoded matrices are �lled with zero
elements to avoid aliasing, which further reduces the crosstalk and �nal error. Because the maximum absolute errors are all
less than 0.5 for these three cases, the correct convolution results, with an accuracy of 100%, can still be obtained after
digitalization. Thus, the experimental light intensity distribution of the three cases precisely re�ects the values of the
convolution results.

The error distribution of all 30 sets of matrix convolutions is shown in Fig. 2(d), and it is clear that the maximum absolute
error is less than 0.5. This means that no errors will occur after the convolution results are digitalized, suggesting good
reliability and robustness of the OMica architecture. Notably, the accuracy is related to the stability of the light source,
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contrast of the modulators, transferring ability of the imaging system, and sensitivity and dynamic range of the detector. In
addition, we experimentally demonstrated the convolution results of larger-scale and higher-bit matrices, as shown in Figs.
S12, S13, S14, and S15 (see Supplementary Note 6), where the convolution results of 3 × 3 1-bit and 20 × 20 1-bit matrices,
two 10 × 10 8-bit matrices, 20 × 20 8-bit matrices, and 180 × 224 8-bit matrices are given, respectively.

CNNs based on MNIST

Based on the abovementioned hybrid analog–digital coding method, we demonstrate the recognition of handwritten digits
based on the OMica architecture. Here, a binary neural network (BNN)27 is implemented as an example to test the
robustness and accuracy of the proposed optical hardware. For a BNN, the input signal is a binary (0 or 1) image, and the
kernel is a binary matrix with a weight of −1 or +128. Each kernel of the BNN trained in advance is divided into two sub-
matrices; one is a low-bit (positive) matrix and the other is a high-bit (negative) matrix, as shown in Fig. 3(a). Intuitively, it
seems that two convolution operations should be executed in the temporal sequence. Interestingly, 10 original kernels
need to be divided into 10 low-bit sub-kernels and another uniform high-bit sub-kernel. Furthermore, the �rst positive kernel
and the negative kernel are exactly the same; thus, the total number of convolution kernels after encoding is still 10, which
means that no additional computational overhead is incurred. The �nal convolution result can be obtained by the addition
of the positive and negative convolution result multiplied by −2. Fig. 3(b) shows the inference process of the CNN based on
encoding low- and high-bit kernels. The 10 encoded kernels are sequentially loaded onto the SLM located at the input plane
of matrix A, and the binary input images with a scale of 28 × 28 are loaded sequentially onto the SLM located at the input
plane of matrix B. When light passes through the two SLMs in sequence, and is then focused and separated by the focusing
lens, the spot array denoting the convolution results is captured by the detector on the focal plane. Finally, the original
convolution results are obtained by decoding the corresponding low- and high-bit convolutions.

Fig. 3(c) shows the error map between the theoretical and experimental results of an input image of a handwritten digit 7
convolved by the �rst kernel. Compared with the above three examples with an input matrix of 10 × 10, the size of a
standard input image of handwritten digits is 28 × 28, whereas the size of the convolution kernel is almost the same, and
the average value of the absolute errors is 0.405. This suggests that it is possible to calculate the optical convolution of
larger-scale matrices using the OMica architecture with high precision. The following pooling layer, nonlinear operations,
and full connections are executed by a classical electrical computer.

To validate the reliability and robustness of the system, we implemented blind-testing for the �rst 1000 sets of MNIST
images with serial numbers from 1 to 1000. The experimental results indicate that a blind-testing accuracy of up to 97.3%
was achieved for the OMica convolution accelerator, whereas the recognition accuracy was only 96.7% for the same test
dataset for electrical computers. This was due to the computing error of the optical convolution also carrying characteristics
of the input images, thus further strengthening the feature extraction ability. Noticeably, the error maps for different
handwritten digits are highly correlated with the input image, as shown in Fig. 4. Therefore, the recognition accuracy of the
optical convolution system based on the MNIST dataset was slightly higher than that of the electronic computer, as shown
in Fig. 3(d). By further optimizing the kernel weights of the optical convolution system, direct training of the optical CNN is
expected to yield better results than those of an electronic computer. On this basis, the architecture can be effectively used
as a hardware accelerator with large computing power in various DNNs.

To the best of our knowledge, the OMica architecture is the only optical parallel acceleration solution capable of achieving
both high-precision convolutional computers and AI hardware accelerators with high recognition accuracy. In addition, not
only convolution layers but also the pooling layers and fully connected layers (all layers are linear convolution calculations)
could be realized by the OMica architecture if an appropriate distance d (Fig. 1(a)) is chosen. For AI algorithms, it has been
shown that very high accuracy is not required29, especially for inference tasks. Inference models work nearly as well with 4–
8 bits of precision and trained with nearly 8–16 bits of precision per computation30. Our results suggest that the computing
precision is close to 8 bit; thus, it is su�ciently accurate for most AI inference applications. Moreover, the computing
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accuracy could be improved by more than 8 bits if high-contrast modulators, such as DMDs, are employed, and this
accuracy can be improved further by adopting hybrid analog-digital encoding method. Thus, the results obtained by this
optical accelerator would be adequate for training most AI models. In addition, when training the neural network directly in
the OMica system, the physical characteristics of the system itself are also trained, such as alignment errors and crosstalk,
which are expected to further improve the performance of the neural network mentioned above.

An OMica accelerator for fully parallel universal convolution computing was proposed, and a hybrid analog–digital
encoding scheme with su�ciently high precision was demonstrated. In principle, the convolution of an arbitrary bit matrix
with massive parallelism and su�cient accuracy can e�ciently be calculated by using a suitable encoding scheme and the
OMica architecture. Moreover, the convolution is universal, and the computing results obtained may be easy to transplant to
any other computing platform. Our proof-of-concept experimental results prove the feasibility of the optical convolution of
10 × 10 matrices with an accuracy above 8-bit, meaning that the results obtained by this optical accelerator are su�ciently
accurate for most AI inference tasks, even for training some AI models. Furthermore, a BNN for recognition tasks of
handwritten digits for the standard MNIST dataset was constructed, and the inference process was demonstrated based on
this optical hardware. The results indicate that the blind-testing recognition accuracy is as high as 97.3%, which is even
higher than that predicted by pure electrical networks. These proof-of-concept experimental results suggest that the OMica
architecture can be used for massive parallelism, high-precision, and high-e�ciency AI accelerators, and this computing
paradigm has potential applicability in the construction of task-speci�c cloud computing centers or other AI computing
centers. By developing high-speed SLMs with higher contrast, optimizing a special-proposed projection imaging system, and
con�guring a dedicated dot array lighting source, it is possible to construct a photonic coprocessor with higher computing
power and lower energy consumption than state-of-the-art supercomputers, such as Fugaku, based on the proposed OMica
architecture. In addition, the characteristics of the imaging system itself imply that the computing power of the system can
be further increased by cascading multiple 4F systems and employing extra multiplexing degrees of freedom31,32; thus, a
hybrid optical–electrical computer center or data center can be directly constructed. In the future, with the advancement of
nonlinear optical elements33-35, a scheme based on the OMica architecture could also be integrated into pure photonic
accelerators by combining planar waveguides36,37, metasurfaces38-40, or some other technologies41,42.

In summary, the OMica architecture is expected to be used in self-driving vehicles43, machine version44, and other �elds that
require large computing power for real-time or quasi-real-time data processing. This opens the door for increasing the
computing power and energy e�ciency for convolution by using high-performance devices, such as larger-scale modulators
with higher updating frequencies and detectors or detector arrays with wider dynamic range and higher sampling
frequencies, which, in the near future, would be superior to the most powerful supercomputers.

Discussion
As shown in Fig. 1(a), the planes of matrices A and B, confocal plane of the 4F system, and plane of the detector are in a
conjugated object–image relationship with each other. When a beam splitter, such as a DG, is placed behind the plane of
matrix A, the two pairs of object–image relationships mentioned above still hold. Each diffraction order of the beam splitter
involved in the convolution is still imaged to the plane of matrix B when we adjust the suitable distance d0 between matrix A
and the beam splitter to match the diffractive angle of the beam splitter. Therefore, it is possible to greatly reduce the
physical size of the matrix elements, which indicates that a much larger scale of the matrix, such as 1k × 1k, could be
calculated in parallel. Under these conditions, the peak computing power of the OMica architecture will reach 10 peta (1015)
operations per second (POPS), which is even faster than a top GPU, such as the TITAN RTX (Nvidia)45, if a modulator with a
higher refresh rate (typically 10 kHz) is used, such as a DMD or a specially designed micro-electro-mechanical system
(MEMS). Further, if other multiplexing methods, including polarization, wavelength, and spatial mode, are used, then speeds
of at least 10–102 times faster than this estimation can be achieved20,30,31. Therefore, based on the OMica architecture, the
computing power for convolution may be superior, or at least comparable, to that of the most powerful supercomputer46



Page 7/15

(the peak performance of the top system, Fugaku, is over 103 POPS for AI applications) in the near future with larger scale
and higher updating frequency devices.

In addition, the power consumption of the optical convolution computing system is much lower than that of an electronic
processor with the same computing power, even for such a bulk optical system. This takes into account the operating power
consumption of the optoelectronic device itself and assumes that the total power consumption of the entire OMica system,
including the light source, two modulators and the detector, is less than 100 W. Moreover, if a more sensitive detection
device, such as a multiphoton counter, is employed, the power consumption will decrease drastically47. In contrast, a
powerful supercomputer is energy hungry, and its power consumption is typically as high as 104–105 kW (Fugaku’s power is
28,355 kW). Evidently, the OMica architecture will consume far less power than supercomputers, whereas its computing
power for a speci�c task (convolution) could be at least comparable to that of Fugaku, the top supercomputer.

Compared with the most popular scheme involving planar waveguides on a 2D substrate, noticeably, the OMica architecture
inherently takes full advantage of the 3D connection ability of optics and thus, can potentially achieve higher computing
power. Recently, Mario et al.48 proposed an optical system that performs fast updating of optical neural networks based on
two amplitude-only DMDs, where one amplitude-only DMD is located at the Fourier transform plane of the other. Although
the mapping relationship between the input images and the recognition digits can be successfully established using this
method, the computing results are essentially not standard convolutions; thus, this method cannot be used for high-
precision universal convolution computing. Moreover, it is di�cult to align the two DMDs pixel-by-pixel, and thus, it will be
challenging to realize large-scale optical networks due to the inverse Fourier transform relationship between the input and
the �lter planes. Recently, Lin et al.49 demonstrated a recon�gurable scheme for realizing a 3D architecture comprising
multiple cascading DOEs, where two programmable modulators and a DMD and another pure-phase SLM were employed
for amplitude and phase modulation, respectively. Because of the coherent working mode, micron-sized pixels, the
alignment error between the DMD and SLM, and the alignment errors between different layers make it di�cult to achieve
high computing precision. Therefore, recognition is drastically degraded without adaptive training. Although this scheme
performs well after adaptive training, it cannot be used for universal convolution computing due to its low precision.

In contrast, a CMOS2 monitor camera can be added on the conjugating plane of two SLMs owing to the object–image
conjugate relationship, and thus two SLMs can easily be aligned using a monitor camera. Moreover, an incoherent light
source could be used in the OMica architecture, so that the sensitivity and speckle noise could be avoided. Therefore, the
convolution accelerator enabled by the OMica architecture can be used for computing universal matrix convolution, and the
results obtained by this hybrid optical–electrical hardware can be easily transferred to any other computing platform,
including photonic, hybrid optical–electrical, and traditional electric processors or coprocessors. Owing to its universality,
this architecture can be used for building task-speci�c cloud computing centers, or some other AI accelerating centers, even
for this bulk optical system at present.

At present, only one kernel A and one input feature map B are loaded onto these two SLMs. It is also possible to load
multiple kernels on the �rst SLM, and thus the convolutions between multiple kernels and multiple input channel feature
maps could be realized in parallel by �lling an appropriate number of zero elements between any two adjacent kernels.
Furthermore, it is worth noting that considering the actual hardware scale, it is often necessary to split and reorganize the
input feature map to further improve the hardware utilization, that is, to load different matrix combinations to the SLMs to
execute the convolution process50.

The current CMOS technology, in principle, is su�cient for developing high-quality devices, such as SLMs and detectors, for
optical computing, although these task-speci�c devices are not currently available. This work provides a promising method
of building optical convolution computing processors to overcome the intrinsic shortage of computing power and
unsatisfactory energy e�ciency in traditional electrical processors, and the experimental results verify the advantages of
optical convolution systems for various application scenarios.
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Materials And Methods
Experimental system. A schematic of the entire proof-of-concept experimental system is presented in Supplementary Fig.
S2. The incoherent light beam is emitted from an LED chip (M450D3, Thorlabs) operating at a center wavelength of λ = 450
nm, passes through a lens group composed of L1 (f = 300 mm) and L2 (f = 300 mm), and projects its image onto the plane
of a pinhole (AP1) for �ltering. Next, the passed beam is re�ected by an aluminum mirror (M1) and passes through lens L3 (f 
= 300 mm) for expansion. The expanded beam is then divided into two parts using a cube polarization beam splitter (PBS1).
One part, with s-polarization, is directed onto a homemade aperture array (APA, pitch: 432 µm, aperture diameter: 360 µm),
and then the transmitted �eld passes through a pair of confocal lenses, L4 (f = 300 mm) and L5 (f = 300 mm). The image of
the APA is projected onto the �rst amplitude-only SLM1 (the B plane, pixels: 8 µm, 1920 ⋅ 1080, Xi’an CAS Microstar), where
the kernel matrix A is loaded. The modulated �eld re�ected from SLM1 is then transmitted through another 4F system,
composed of a pair of Fourier lenses, L6 (f = 300 mm) and L7 (f = 300 mm). On the conjugating plane of SLM1 (the C plane),
another amplitude SLM2 (pixels: 8 µm, 1920 ⋅ 1080, Xi’an CAS Microstar) is located. Critically, a homemade 20 ⋅ 28 DG
(period: 225 µm) is inserted after the SLM1 plane at a certain distance d0, which is matched with the diffractive angle of
each diffractive order of the DG. When the modulated �eld passes through the DG and is separated into sub-beams, each
sub-beam carries all the modulated light information of matrix A, and all are imaged into the SLM2 plane through the Fourier
lenses group. Here, pinholes (AP2 and AP3) are inserted to �lter out the high-frequency components of the light on the
frequency-domain plane between the two 4F systems. Then, the light-carrying element-wise multiplication information of
matrices A and B is re�ected by SLM2, and after being re�ected by PBS3, it passes through the lens group, L8 (f = 150 mm)

and L9 (f = 300 mm). The image of the �eld on plane C is projected onto the plane of a square aperture (17.28 ⋅ 17.28 mm2.
After passing through the square aperture, the light corresponding to the zero-�lling part of matrix B is truncated, and a spot
array denoting the convolution is detected by a scienti�c CMOS camera (sCMOS1, pixels: 11 µm, 2048 ⋅ 2048, Dhyana 95,
Xintu Optoelectronics) near the focal plane of lens L10 (f = 300 mm). After postdata processing, the convolution matrix data
are obtained by the accumulation of the intensity signal for each spot. Here, an optical attenuator and a narrowband �lter
(at 450 nm) were mounted before the sCMOS1 camera to improve the signal-to-noise ratio. To align two SLMs pixel-by-pixel,
another cube non-polarization beam splitter (BS) is inserted before the sCMOS1 camera and another lens L12, followed by
another camera (CMOS2, pixels: 4.8 µm, 1920×1200, EO2323), which is used for monitoring. By adjusting the location of
lens L12, the images of matrices A and B loaded onto these two SLMs can be clearly projected onto the CMOS2 camera, and
the alignment error between these two SLMs can be seen explicitly through this monitor camera. Moreover, when adding a
pinhole on the confocal plane of lenses L6 and L7 to allow only one diffraction order of DG to pass through sequentially, we
can directly observe the complete convolution sliding process on the CMOS2 (see Supplementary Note 2 and Fig. S5).
Another part of the beam is re�ected by aluminum mirrors (M2, M3, M4, and M5) and then directed into lens L11. The focused
�eld is recombined by the BS located before the sCMOS1 camera and then impinged onto the detection plane of the camera.
This optical signal is used to compensate for the temporal intensity �uctuation of the LED light source.

CNN model architecture and training. The CNN adopted here is a BNN, where the input signal is a binary (0 or 1) image, and
the kernel is also a binary matrix with a weight of − 1 or + 1. The BNN contains a total of �ve layers: an input layer, a
convolutional layer, pooling layer, fully-connected layer, and an output layer, as shown in Supplementary Fig. S7. The input
layer consists of binary images of 28 × 28 handwritten digits. Unlike an electronic computer that needs to rearrange the
input grayscale image into a one-dimensional vector, the optical convolution computing system directly loads the input 2D
image onto SLM1, which gives full play to the numerous advantages of optical spatial interconnection. Next, 10 9 × 9
convolution kernels are used to execute the convolution operation on the input image. ReLU is chosen for the nonlinear
activation function after convolution. The size of the feature maps after convolution and the nonlinear operation is 20 × 20.
The average pooling layer is then used to further extract the feature information, and the size of the feature maps is 10 × 10.
Next, the pooled feature map is �attened into a 1 × 100 vector, followed by two fully-connected layers with 200 and 10
neurons. Finally, the ReLU and sigmoid nonlinear activation operations follow after the above two fully connected layers,
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respectively. The �nal output layer is the proportion of input digits in 10 categories, and the highest proportion is the
classi�cation result. The learning rate of the network was set to 0.01, and the training batch size was set to 50. The
parameters of the BNN were initialized by setting the initial value of the weight to − 1 or + 1. Before the training procedure,
the 60,000 image samples were shu�ed to generate a reasonable gradient for accelerating the network convergence, and
the 60,000 image samples were divided into 80% as the training set and 20% as the validation set. The number of variables
in the BNN was 3.5 × 105. During the training procedure, the weights were constrained between binary values of − 1 or + 1.
The number of training epochs was 4. The training set and the validation set highly overlapped in the training curve, which
proves that the model has good learning and generalization performance (Supplementary Fig. S8). The simulation results
on an electrical computer suggest that, for 10,000 test samples from the MNIST dataset, the recognition accuracy of blind-
testing on the �rst 1,000 test samples (with serial numbers from 1 to 1000) was 96.7%, and it was 96.3% for all 10,000 test
samples.

Data processing. The entire data postprocessing �owchart can be described as follows. First, median �ltering is performed
on the intensity map detected by the sCOMS1 camera, and the image tilt is corrected to simplify handling the matrices.
Second, the area of interest (AOI) containing the target convolution matrix information is tailored, and the background noise
is subtracted to further improve the signal-to-noise ratio. Third, the center of each spot is determined by calculating the
centroid coordinates in the spot array image. Subsequently, the gray scale of all pixels within a circle is summed; the
centroid is the center of the circle, and its radius is chosen to minimize the calculation errors. Fifth, by normalizing the
intensity of the light spot divided by the calibrated light intensity and mapping the intensity map to the theoretical
convolution results yields the experimental matrix values for convolution. Next, the absolute error map is obtained by
calculating the absolute value of the difference between the experimental and theoretical convolution results before
decoding. Finally, the convolution results are decoded into a high-bit matrix, exhibiting the correct grayscale map, if
necessary. Similarly, the error map after decoding is calculated.
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Figures

Figure 1
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Schematic of the optical convolution accelerator based on OMica architecture: (a) Optical principle of OMica architecture.
(b) Procedure of encoding the quaternary (2-bit) matrix into a binary (1-bit) matrix in two different modes—a spatial and
temporal sequence.

Figure 2

Experimental results of hybrid analog–digital matrix convolution for three groups of matrices based on spatial sequence
encoding. (a) 10 × 10 binary (1-bit) matrices: the sub�gures from left to right are the theoretical convolution values, light
intensity distribution of the spot array denoting the convolution, experimental convolution results, and error map between
the theoretical and experimental results, respectively. (b) 3 × 10 2-bit matrices: the sub�gures from left to right are the
theoretical convolution values before decoding, light intensity distribution of the spot array denoting the convolution,
experimental convolution results before decoding, and error map between the theoretical and experimental results; the
sub�gures in the second row are the theoretical original convolution matrix and experimental convolution results after
decoding, respectively. (c) 2 × 10 2-bit encoding matrices with negative elements: the sub�gures in the �rst row from left to
right are the theoretical convolution values before decoding, light intensity distribution of the spot array denoting the
convolution, experimental convolution results before decoding, and error map comparing the theoretical and experimental
results; the sub�gures in the second row are the theoretical original convolution matrix and experimental convolution results
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after decoding, respectively. (d) The error distribution of these three groups of data, from left to right, corresponding to 10 ×
10 1-bit, 3 × 10 2-bit, and 2 × 10 2-bit encoding matrices with negative elements.

Figure 3

Optical convolution computing system realizes the convolutional neural network based on the MNIST dataset. (a) Execution
of convolution operation by encoding each original convolution kernel into high-bit kernels and a low-bit kernel; (b)
schematic of OMica architecture performing CNN inference; (c) the absolute error map comparing the theoretical and
experimental results of the convolution of a handwritten digit 7 as an input; the confusion matrix of blind-testing 1000
images from the MNIST dataset when matrix convolutions are executed by optical hardware; (d) indicating a recognition
accuracy of 97.3%; and (e) by pure electric hardware, indicating a recognition accuracy of 96.7%.
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Figure 4

Typical error maps of convolution results between different input handwritten digits—from 0 to 9—and these ten convolution
kernels after encoding.
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