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Abstract—Inspired by neural networks based on traditional electronic circuits, optical neural networks
(ONNs) show great potential in terms of computing speed and power consumption. Though some
progress has been made in devices and schemes, ONNs are still a long way from replacing electronic
neural networks in terms of generalizability. Here, we present a complex optical neural network
(cONN) for holographic image recognition, within which a high-speed parallel operating unit for
complex matrices is proposed, targeting the real-imaginary-splitting and column splitting. Based on the
proposed cONN, we have numerically demonstrated the training-recognition process on our cONN for
holographic images converted from handwritten digit datasets, achieving an accuracy of 90% based on
the back-propagation algorithm. Our training-verification integrated architecture will enrich the further
development and applications of on-chip photonic matrix computing.

1. INTRODUCTION

As an important development within the computer discipline, artificial neural networks bring
revolutionary solutions for image processing [1, 2], speech recognition [3,4], data prediction [5], etc.,
but have gradually encountered bottlenecks in hardware implementation in terms of latency and power
consumption [6,7]. As one of the paths to breaking through Moore’s Law, on-chip optical computing
has been attracting attention for its high speed, low theoretical consumption, and natural suitability for
parallel computing [8]. The field of optical computing was stagnant for a period of time due to severe
limitations in device performance including low integration density and weak nonlinearity. In recent
years, however, with the improvement of micro-nano optoelectronics technology and the huge demand
for arithmetic power for Al applications, optical computing has gained more possibilities and attention,
and thus become the frontier and hot spot of micro and nano optoelectronics research [9, 10].

In order to utilize the optical mechanism to implement neural networks, finding the corresponding
implementation of matrix-vector multiplication (MVM) is necessary, which is the core operation form in
the neural network [11-13]. The exploration of ONNs can be traced back to the 1990s when Reck et al.
proposed a revolutionary idea to implement matrix operations on arrays of light intensity signals using
beam splitters [14]. Their proposed method for splitting higher-order matrices into 2-order unitary (or
orthogonal) matrices is called Reck model, and an alternative called Clement model which is based
on a similar principle later proposed in 2016 [15]. The construction ideas of these two models are
similar (actually both of them could be considered as two special solutions to the same mathematical
problem), and the former is easier to obtain parameters, while the latter is more conducive to the
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integration of devices. Based on these two models, several on-chip optical neural network schemes have
been proposed to make ONNs more feasible, most of which adopt MZI (Mach-Zehnder interferometer)
arrays rather than the original beam splitters to perform MVM, considering the integration capability
and compatibility [16]. Besides, spatial light computing, which is another alternative method for ONN
implementation and always operates by well-designed or programmable metasurfaces, sacrificing space
occupation for ultra-large computing power, is also a trend of development [17-19]. In addition, the
practicability of utilizing fast Fourier transform [20] or frequency multiplexing [21,22] to achieve a
similar effect has been demonstrated as unconventional routes to achieve ONNs on chips.

3D imaging, especially holographic imaging, offers broad application prospects in areas ranging
from medical detection [2,23] to topographic mapping [24,25] due to its high information density and
interference resistance. After holograms are obtained, neural networks with self-learning and self-
adaptive features are often regarded as powerful tools for follow-up work, such as identification and
classification. Concurrently, the processing of 3D imaging has been extensively studied in conventional
electronic networks, but its ONN solution has scarcely progressed since holographic image recognition
is based on complex information, while previous ONNs always focus on calculations in the real domain.
Therefore, an ONN extended to enable complex operations would be a direct and effective way to fill
this gap.

Here in our work, an optical neural network, which can realize high-speed complex-matrix optical
operations for holographic image recognition is proposed based on existing theory. To achieve the
intended performance, the operation unit in our network is designed to be a high-speed parallel operating
unit for complex matrices, which targets the real and imaginary parts splitting, as well as the column
splitting. A physical feedback loop based on optical nonlinear devices and photodetectors was further
designed to achieve the full functionality. The proposed cONN was validated by numerical simulation.
We first verified the convergence of our cONN through random initial inputs and predictions of 2-by-2
scale data. Then a recognition task of 20-by-20 scale holographic handwritten digital images, which were
generated by the method of the computational hologram, was carried out on our cONN, and acceptable
results were obtained.

2. BASIC DESIGN AND THEORICAL MODELING

MZI is an optical device consisting of an optical waveguide and phase-modulation components. By
electro-optical [26,27] or thermo-optical effects [28], MZI typically multiplies the input two-dimensional
vector (optical signal) with a two-dimensional orthogonal matrix defined by MZI configuration. When
only one of the ports is utilized, the regular MZI (Fig. 1(a)) will become an MZI attenuator (Fig. 1(b)),
which realizes the multiplication operation of scalars in a cosine manner. As mentioned before, a high-
dimensional orthogonal matrix can be split and represented by a combination of regular MZI and MZI
attenuators [29]. Thus, assuming that an operation matrix M is required by the specific task, the
orthogonal matrices U, V and the diagonal matrix > can be obtained by performing the singular value
decomposition (SVD) on the matrix (M = UXVT). For U and V, the decomposition based on the
Clement model would be done to obtain the modulation parameters for each regular MZI, while ¥
corresponds to a row of MZI attenuators. Thus, an adjustable representation of any desired matrix
would be achieved.

To derive our final design from the analysis above, we first implement the RlI-splitting (real-
imaginary-splitting) and column splitting of a matrix separately. Though the optical signal itself can
be considered as spontaneously carrying complex information in its amplitude and phase, such property
can hardly be directly applied to complex operations because photodetector is not capable to record the
phase signals that change with space during the propagation. Therefore, performing complex operations
on the real domain becomes an alternative method. According to the principle of linear algebra, we can
obtain the expression (Eq. (1)) for converting complex matrix-vector multiplication into real form. In
the expression, A and B respectively represent the operator matrix and the input vector, both containing
complex information, while the subscripts R and I represent the real and imaginary parts of the original
matrix (or vector). Here we present the operation as a sum of two terms, which corresponds to the idea
that the real and imaginary components of weights are adjusted independently at the hardware level to
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Figure 1. The scheme of the linear arithmetic unit for complex matrix operations. Regular (a) MZI
and (b) MZI attenuator can undertake matrix operations and scalar operations respectively. (c¢) Two
types of MZIs are organized in a specific form according to the clement model principle and our proposal
of dealing with complex matrices, assuming multiplication between 2 x 2 complex matrices.

prevent parameter redundancy due to matrix expansion.
AR —A[ . BR _ AR 0 . BR + 0 —A] . BR (1)
A[ AR By 0 AR By A[ 0 By
In practical tasks, the processed information is often expressed in the form of a matrix (images for
example), and if it is sent column by column. The overall operation speed would be mostly limited by
the clocking frequency of the system, and the advantages of high speed and parallelization of optical
operations cannot be fully utilized. Therefore, we consider splitting and splicing the information of
matrix form into one-dimensional vectors by column, and directly participating in matrix operations.

This process can be described by Eq. (2) in terms of matrix operations. Combining the two components
above, a linear arithmetic unit for complex matrix operations is proposed (Fig. 1(c)).
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The BP (back-propagation) algorithm [30] is an elementary and effective method for training
weights in neural networks, which is relatively simple to implement in hardware. According to the
principle of the BP algorithm, we implement the algorithm with optoelectronic devices. For example,
we utilize the photoelectric conversion (100% efficiency) and optical nonlinearity to implement the linear
operations and activation functions in the algorithm (See SI Section 1 for details). As a result, an on-chip
neural network circuit including waveguides, optical nonlinearities, photodetectors, etc. is conceived and
shown in Fig. 2. In specific network levels, nonlinearities with two different types of functions (NU1
and NU2 in Fig. 2(a)) need to satisfy a specific relationship where one is a derivative function of the
other. Meanwhile, in contrast to electronic networks, the information in the ONN is carried on the light
intensity. In digital circuits where information is carried on logical signals based on voltage, branches
from the same node share the same information, while in optical circuits, the signal intensity would
be split into parts with constant total energy. Therefore, the energy changes in photodiodes, as well
as branching of the optical path, need to be considered in the feedback intensity. In order to reduce
the device size, some structural optimizations have been made (Fig. 2(b)), effectively enhancing the
efficiency of the structure.
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Figure 2. Hierarchies of the network. (a) The overview of a multi-layer network and a typical single
layer in our network, which consists of MZIs, waveguides, optical nonlinearities and photodetectors to
perform computation and training tasks. In single layer, the red lines represent the circuit and the black
lines represent the optical path, and the two types of nonlinear units (NU1 & NU2) are assumed to be
micro-ring structures here. In order to achieve a feedback loop, MZIs and photodetectors (PDs) are
utilized to perform vector subtraction and multiplication of the corresponding elements of the vectors.
(b) The weight adjustment block, which is designed to fit our objective of highly parallel complex
number operations.

3. RESULTS

Due to technical limitations and the idealization of the scheme, our results are firstly based on numerical
demonstration. To verify the feed forward operation and backward propagation adjustment, we build a



Progress In Electromagnetics Research, Vol. 176, 2023 29

simulation network without hidden layers, in which all the optoelectronic devices are modeled (Fig. 3(a)).
The latency of each device is considered in 1 nanosecond. For the simulation, we randomly generate
two complex matrices of 2 x 2, one of which is the input, and the other is decomposed in advance and
written into the MZI array as the operation matrix (or initial weight). Here, for simplicity, we ignore
the effect of the branch on the signal and assume the waveguide is lossless. Then we do the simulation,
letting the photoelectric signal flow in the circuits to perform the feed forward operation and backward
propagation adjustment. The results are shown in Figs. 3(b), (c¢), from which it is shown that when the
signal is stable, the result is the same as the pre-calculated value.
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Figure 3. The scheme and results of preliminary verification for a single-level network (See SI Section 2
for details). (a) Scheme for simulation of 2 by 2 matrix with each value within [—1,1]. Y-junctions (and
some more in the back propagation block) are added to reflect the role of branches in the actual optical
path, which were omitted in further simulations, and a processor is used to control the timing, update
the weight and perform SVD operations. The results obtained from (b) feedback port and (c) output
port, in which solid lines correspond to sequential results and correct results for dashed lines, verifying
the forward calculation and backward feedback (between front and rear levels).

A vector containing 0’s and 1’s is further generated as the predefined results, and a multi-cycle
simulation was done. Within 50 iterations the desired output signals rapidly approached the maximum,
and minimum for other signals. The Cross-Entropy Error (CEE) loss between the output and predefined
results is converged to 0. Furthermore, to verify the feasibility of the network for image recognition, we
build a two-level network with a hidden layer for the recognition of 20 x 20 grayscale and holographic
images. Considering the feasibility of the actual footprint of the chip with the expectation of about
20 mm? for a single level, the network is designed to process 16 images in one shot with 16 x 400 = 6400
input neurons, 16 x 25 = 400 neurons in the hidden layer, and 16 x 10 = 160 output neurons (Fig. 4(a)).
A specific time sequence for simulation is designed to enable the network to perform the training and
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Figure 4. The results for the task of handwritten number recognition. (a) A network with two
levels (3 layers). An external sequence control module with a control signal to achieve a one-time
implementation of training-testing is added. The (b) MSE and (c) confusion chart obtained from the
simulation demonstrate the validation of the network.

validation sequentially: 1) Preprocessing stage: 16n images are extracted as the training set; 16m
images are extracted as the validation set; and a random initial weight matrix is generated. 2) Training
stage: The training set images are sent to the network in groups of 16 for a total of n groups and
repeated k times in n x k training cycles. 3) Switching stage: Cut off the data input and feedback path
for a cycle to ensure the completion of the previous stage. 4) Test stage: The test set images are sent
to the network in groups of 16 for a total of m groups, and the results are collected in m validation
cycles. Regarding the computational holography, we convert those greyscale images to holographic
images (See SI Section 3 for details) and do the simulation for both cases (greyscale and holographic)
with n = m = 30, k = 100. The results of holograms are shown in Figs. 4(b), (c¢). In the case of
randomly selected training and validation groups, the final recognition accuracy reaches 90%, which is
well acceptable considering that there is no elaborate advanced algorithm in our scheme.

4. DISCUSSION

In our work, we focus on the complex operations in ONNs driven by the application of holographic image
recognition and propose our scheme as cONNs. Compared with other ONNs designed and applied for
handwritten digital recognition [31, 32] (See SI Section 4 for details), our scheme gives comparable results
and manages to process holographic (complex) image information. Using MZI arrays, we perform matrix
operations based on image pixel data, and hence the demand for MZI array size is directly related to
the size of the input image. Thus, when it comes to ultra-large scale, the access rate of matrix weights
becomes a limiting factor that confines the speed of network operations. Therefore, efficient data
addressing in optical signal storage needs to be achieved. Other assumptions are made in the design
as well, including the feasibility of optical nonlinearity. To achieve a wide output range and specialized
features determined by BP algorithms, optical nonlinearity neuron devices would be desired. Materials
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based on metallic quantum wells [33-35], which own the giant nonlinearities, and the non-Hermitian
optical resonators [36-38] might provide a solution for this.

5. CONCLUSION

We have proposed a complex optical neural network that can realize high-speed complex-matrix optical
operations for holographic image recognition. To realize the target, we design a linear arithmetic unit
for high-speed complex matrix operations, and inspired by the BP algorithm, a photoelectric circuit was
proposed to perform the training process. In the simulation of the recognition task, the effectiveness
and accuracy of our network have been verified. To make the network more efficient and practical,
further research on design and devices is still needed.

ACKNOWLEDGMENT

The work at Zhejiang University was sponsored by the National Key Research and Development
Program of China under Grant 2021YFB2801801, and the National Natural Science Foundation of
China (NNSFC) under Grants No. 62175217, Grants No. 62005237.

REFERENCES

1. Krizhevsky, A., I. Sutskever, and G. E. Hinton, “ImageNet classification with deep convolutional
neural networks,” Communications of the Acm, Vol. 60, 84-90, 2017.

2. Suzuki, K., H. Abe, H. MacMahon, and K. Doi, “Image-processing technique for suppressing ribs
in chest radiographs by means of Massive Training Artificial Neural Network (MTANN),” [EEFE
Trans. Med. Imaging, Vol. 25, 406-416, 2006.

3. Chan, W., N. Jaitly, Q. Le, and O. Vinyals, “Listen, attend and spell: A neural network for large
vocabulary conversational speech recognition,” 2016 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), 4960-4964, Mar. 20-25, 2016.

4. Abdel-Hamid, O., A. R. Mohamed, H. Jiang, L. Deng, G. Penn, and D. Yu, “Convolutional
neural networks for speech recognition,” IEEE/ACM Transactions on Audio, Speech, and Language
Processing, Vol. 22, 1533-1545, 2014.

5. Guo, S., Y. Lin, S. Li, Z. Chen, and H. Wan, “Deep spatial-temporal 3D convolutional neural
networks for traffic data forecasting,” IEEE Transactions on Intelligent Transportation Systems,
Vol. 20, 3913-3926, 2019.

6. Meng, J., M. Miscuglio, J. K. George, A. Babakhani, and V. J. Sorger, “Electronic bottleneck
suppression in next-generation networks with integrated photonic digital-to-analog converters,”
Advanced Photonics Research, Vol. 2, 2000033, 2021.

7. Wei, J., Q. Cheng, R. V. Penty, I. H. White, and D. G. Cunningham, “400 Gigabit Ethernet
using advanced modulation formats: Performance, complexity, and power dissipation,” IEEFE
Communications Magazine, Vol. 53, 182—-189, 2015.

8. Shen, Y., N. C. Harris, S. Skirlo, M. Prabhu, T. Baehr-Jones, M. Hochberg, X. Sun, S. Zhao,
H. Larochelle, D. Englund, and M. Soljac¢i¢, “Deep learning with coherent nanophotonic circuits,”
Nat. Photonics, Vol. 11, 441-446, 2017.

9. Cheng, J., H. Zhou, and J. Dong, “Photonic matrix computing: From fundamentals to
applications,” Nanomaterials, Vol. 11, 1683, 2021.

10. Li, C., X. Zhang, J. Li, T. Fang, and X. Dong, “The challenges of modern computing and new
opportunities for optics,” PhotoniX, Vol. 2, 20, 2021.

11. Wang, P., F. Xu, B. Wang, B. Gao, H. Wu, H. Qian, and S. Yu, “Three-dimensional nand flash for
vector-matrix multiplication,” IEEE Transactions on Very Large Scale Integration (VLSI) Systems,
Vol. 27, 988-991, 2019.

12. Lehmann, T., E. Bruun, and C. Dietrich, “Mixed analog/digital matrix-vector multiplier for neural
network synapses,” Analog Integrated Circuits and Signal Processing, Vol. 9, 55-63, 1996.



32

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Feng et al.

Sze, V., Y. H. Chen, T. J. Yang, and J. S. Emer, “Efficient processing of deep neural networks: A
tutorial and survey,” Proceedings of the IEEFE, Vol. 105, 2295-2329, 2017.

Reck, M., A. Zeilinger, H. J. Bernstein, and P. Bertani, “Experimental realization of any discrete
unitary operator,” Phys. Rev. Lett., Vol. 73, 58-61, 1994.

Clements, W. R., P. C. Humphreys, B. J. Metcalf, W. S. Kolthammer, and I. A. Walmsley, “Optimal
design for universal multiport interferometers,” Optica, Vol. 3, 1460-1465, 2016.

Ahn, J., M. Fiorentino, R. G. Beausoleil, N. Binkert, A. Davis, D. Fattal, N. P. Jouppi, M. McLaren,
C. M. Santori, R. S. Schreiber, S. M. Spillane, D. Vantrease, and Q. Xu, “Devices and architectures
for photonic chip-scale integration,” Applied Physics A, Vol. 95, 989-997, 20009.

Lin, X., Y. Rivenson, N. T. Yardimci, M. Veli, Y. Luo, M. Jarrahi, and A. Ozcan, “All-optical
machine learning using diffractive deep neural networks,” Science, Vol. 361, 1004—-1008, 2018.
Zhou, J., H. Qian, J. Zhao, M. Tang, Q. Wu, M. Lei, H. Luo, S. Wen, S. Chen, and Z. Liu, “Two-
dimensional optical spatial differentiation and high-contrast imaging,” National Science Review,
Vol. 8, 2020.

Qian, C., Z. Wang, H. Qian, T. Cai, B. Zheng, X. Lin, Y. Shen, I. Kaminer, E. Li, and H. Chen,
“Dynamic recognition and mirage using neuro-metamaterials,” Nat. Commun., Vol. 13, 2694, 2022.
Tian, Y., Y. Zhao, S. Liu, Q. Li, W. Wang, J. Feng, and J. Guo, “Scalable and compact photonic
neural chip with low learning-capability-loss,” Nanophotonics, Vol. 11, 329-344, 2022.

Feldmann, J., N. Youngblood, M. Karpov, H. Gehring, X. Li, M. Stappers, M. Le Gallo, X. Fu,
A. Lukashchuk, A. S. Raja, J. Liu, C. D. Wright, A. Sebastian, T. J. Kippenberg, W. H. P. Pernice,
and H. Bhaskaran, “Parallel convolutional processing using an integrated photonic tensor core,”
Nature, Vol. 589, 52-58, 2021.

Xu, X., M. Tan, B. Corcoran, J. Wu, A. Boes, T. G. Nguyen, S. T. Chu, B. E. Little, D. G. Hicks,
R. Morandotti, A. Mitchell, and D. J. Moss, “11 TOPS photonic convolutional accelerator for
optical neural networks,” Nature, Vol. 589, 44-51, 2021.

Oliveira, N., G. E. Khoury, J. M. Versnel, G. K. Moghaddam, L. S. Leite, J. L. Lima-Filho,
and C. R. Lowe, “A holographic sensor based on a biomimetic affinity ligand for the detection of
cocaine,” Sensors and Actuators, Vol. B270, 216-222, 2018.

Spetzler, R. F. and H. Spetzler, “Holographic interferometry applied to the study of the human
skull,” J. Neurosurg., Vol. 52, 825-828, 1980.

Fuhrmann, S.; O. Komogortsev, and D. Tamir, “Investigating hologram-based route planning,”
Transactions in GIS, Vol. 13, 177-196, 2009.

Khatun, R., K. T. Ahmmed, A. Z. Chowdhury, and R. Hossen, “Optimization of 2 x 2 MZI electro-
optic switch and its application as logic gate,” 2015 18th International Conference on Computer
and Information Technology (ICCIT), 294-299, Dec. 21-23, 2015.

Kumar Raghuwanshi, S.; A. Kumar, and N.-K. Chen, “Implementation of sequential logic circuits
using the Mach-Zehnder interferometer structure based on electro-optic effect,” Opt. Commun.,
Vol. 333, 193-208, 2014.

Stegmaier, M., C. Rios, H. Bhaskaran, and W. H. P. Pernice, “Thermo-optical effect in phase-
change nanophotonics,” ACS Photonics, Vol. 3, 828-835, 2016.

Chen, S., Y. Shi, S. He, and D. Dai, “Variable optical attenuator based on a reflective Mach-Zehnder
interferometer,” Opt. Commun., Vol. 361, 5558, 2016.

David, E. R. and L. M. James, “Learning internal representations by error propagation,” Parallel
Distributed Processing: Explorations in the Microstructure of Cognition: Foundations, 318-362,
MIT Press, 1987.

Zhu, H. H., J. Zou, H. Zhang, Y. Z. Shi, S. B. Luo, N. Wang, H. Cai, L. X. Wan, B. Wang,
X. D. Jiang, J. Thompson, X. S. Luo, X. H. Zhou, L. M. Xiao, W. Huang, L. Patrick, M. Gu,
L. C. Kwek, and A. Q. Liu, “Space-efficient optical computing with an integrated chip diffractive
neural network,” Nat. Commun., Vol. 13, 1044, 2022.



Progress In Electromagnetics Research, Vol. 176, 2023 33

32.

33.

34.

35.

36.

37.

38.

Sludds, A., S. Bandyopadhyay, Z. Chen, Z. Zhong, J. Cochrane, L. Bernstein, D. Bunandar,
P. B. Dixon, S. A. Hamilton, M. Streshinsky, A. Novack, T. Baehr-Jones, M. Hochberg, M. Ghobadi,
R. Hamerly, and D. Englund, “Delocalized photonic deep learning on the internet’s edge,” Science,
Vol. 378, 270-276, 2022.

Qian, H., S. Li, Y. Li, C.-F. Chen, W. Chen, S. E. Bopp, Y.-U. Lee, W. Xiong, and Z. Liu,
“Nanoscale optical pulse limiter enabled by refractory metallic quantum wells,” Science Advances,
Vol. 6, eaay3456, 2020.

Qian, H., S. Li, C.-F. Chen, S.-W. Hsu, S. E. Bopp, Q. Ma, A. R. Tao, and Z. Liu, “Large optical
nonlinearity enabled by coupled metallic quantum wells,” Light: Science & Applications, Vol. 8,
13, 2019.

Qian, H., Y. Xiao, and Z. Liu, “Giant Kerr response of ultrathin gold films from quantum size
effect,” Nat. Commun., Vol. 7, 13153, 2016.

Ma, H., D. Li, N. Wu, Y. Zhang, H. Chen, and H. Qian, “Nonlinear all-optical modulator based
on non-Hermitian PT symmetry,” Photonics Research, Vol. 10, 980-988, 2022.

El-Ganainy, R., K. G. Makris, M. Khajavikhan, Z. H. Musslimani, S. Rotter, and
D. N. Christodoulides, “Non-Hermitian physics and PT symmetry,” Nat. Phys., Vol. 14, 11-19,
2018.

Miri, M.-A. and A. Alu, “Exceptional points in optics and photonics,” Science, Vol. 363, eaar7709,
2019.



