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Abstract: This paper introduces a novel architecture—bidirectional optical neural network (BONN)—for
providing backward connections alongside forward connections in artificial neural networks (ANNS).
BONN incorporates laser diodes and photodiodes and exploits the properties of Kéhler illumination
to establish optical channels for backward directions. Thus, it has bidirectional functionality that is
crucial for algorithms such as the backpropagation algorithm. BONN has a scaling limit of 96 x 96
for input and output arrays, and a throughput of 8.5 x 10> MAC/s. While BONN'’s throughput may
rise with additional layers for continuous input, limitations emerge in the backpropagation algorithm,
as its throughput does not scale with layer count. The successful BONN-based implementation
of the backpropagation algorithm requires the development of a fast spatial light modulator to
accommodate frequent data flow changes. A two-mirror-like BONN and its cascaded extension
are alternatives for multilayer emulation, and they help save hardware space and increase the
parallel throughput for inference. An investigation into the application of the clustering technique to
BONN revealed its potential to help overcome scaling limits and to provide full interconnections for
backward directions between doubled input and output ports. BONN's bidirectional nature holds
promise for enhancing supervised learning in ANNs and increasing hardware compactness.

Keywords: optical neural network; optical computer; backpropagation; neural network; lens array;
free-space optics

1. Introduction

In recent decades, significant effort has been invested in developing optical comput-
ers for real-time data processing, owing to their potential advantages in terms of speed
and parallelism over electronic computers [1-3]. However, optical computing has not
surpassed digital computing due to the faster progress and greater power, ease of use, and
flexibility of its competitor [4]. While digital optics lacks proper components to compete,
combining optics and electronics could be fruitful, with optics being used for tasks where
it excels. Free-space optics [3] and smart pixels [5] are promising options for overcoming
the limitations of electronic processors, with the former being especially beneficial for
artificial neural networks [6]. Purely electrical neural networks have a complex topology of
connections as the number of input and output nodes increases. Moreover, the complex
topology and proximity between electrical wires may cause significant electromagnetic
crosstalk or noise, especially at high clock rates [3,4]. Unlike electrical interconnections,
light paths in free-space optics can cross freely without electromagnetic crosstalk noise
between channels, which simplifies interconnections and reduces their fabrication costs.
Although optical neural networks (ONNSs) have been studied extensively, because of their
complexity and bulkiness, they have not achieved commercial success comparable to that
of digital electronics [1,2,7-13].

A previous report [14] introduced a simple and scalable optical computer, referred to as
a linear combination optical engine (LCOE), to partition a neural network into linear optical
and nonlinear electronic sections. Optics was used for linear calculations while electronics
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was employed to handle the nonlinear part, thereby maximizing the advantage of optical
interconnections while maintaining parallelism. This system, based on Koéhler illumination,
exploits the parallelism of free-space optics and electronics such as smart pixels. A hardware
demonstration involving a lens array and a spatial light modulator (SLM) showed the
LCOFE’s potential, and the scalability and throughput limitations were ascertained through
a theoretical analysis. Furthermore, a clustering technique was proposed to overcome
scalability limitations. Although the architecture’s simplicity and scalability could enhance
optical parallelism, making it attractive for neural network applications with numerous
synaptic connections, its use may be restricted to inference algorithms owing to the absence
of a path for the backward propagation of light.

Recently, the use of a backpropagation algorithm in ONN hardware has garnered
attention owing to its in situ training capability, which has the potential to increase parallel
throughput and minimize errors compared with the in silico training approach of ONNs
for inference [15,16]. However, since previous studies used a 4f correlator system with
SLMs and coherent light sources, they inherited disadvantages stemming from this architec-
ture [17]. In such a 4f system, the changing inputs at each neural network layer necessitate
the updating of SLM pixels, which results in the use of a serial read-in mode that introduces
significant delays. The switching speed of SLM pixels with current technology, such as lig-
uid crystal display (LCD) and micro electro-mechanical systems (MEMS), is notably slower
than their electronic counterparts. Moreover, this serialization would persist even if the
SLM pixel-switching speed were to increase in the future. Consequently, previous systems
based on 4f systems pose challenges in extending the architecture to multilayer ONNSs for
achieving a higher throughput. By contrast, an LCOE based on Kohler illumination does
not have cascading issues and is capable of massive optical parallelism since it does not
involve a coherent source or SLMs for input generation at each layer.

Here, a bidirectional optical neural network (BONN), which is a modified version of
an LCOE, is proposed. A BONN is capable of providing light paths in both forward and
backward directions. This bidirectional feature renders it suitable for use in algorithms
such as the backpropagation algorithm, which is used for supervised learning in artificial
neural networks. In the subsequent sections of this paper, BONN’s architecture is explained
first, followed by a theoretical analysis of its performance and limitations.

2. Materials and Methods

To comprehend BONN’s architecture, one should possess a good understanding
of the backpropagation algorithm [18,19], which is used in neural networks. Figure 1
presents a visual representation of this fundamental algorithm. It depicts a neural network
comprising two input nodes and four output nodes interconnected by synapses, along
with the mathematical representations of both types of nodes. The weighted input zl(l) is
introduced, since it will be used for theoretically explaining the backpropagation algorithm,

and V_zgl), referred to as sensitivity, represents the gradient of the cost function with
respect to the weighted input. The sensitivity of a layer is linked to the sensitivities of
subsequent layers through the weights connecting them. Hence, the sensitivities of the
last layer propagate backward until they reach the first layer. The computed sensitivities
with respect to the weighted input are used to compute the sensitivities with respect to the
weight and bias. The sensitivities are then used to adjust the current values of weights and
biases in order to minimize the errors between the final output values and the target values.

Figure 2a shows the concept of the proposed BONN. The neural network depicted in
Figure 1 has been transformed into a hardware schematic, incorporating components such
as laser diodes (LDs), lenses, an SLM, detectors, and electronics. However, the order of
the output nodes has been reversed, and the number of output nodes has been reduced
to two. BONN shares similarities with the LCOE, and the main distinction lies in the
inclusion of additional LDs adjacent to the photodiodes (PDs) on the second substrate,
and extra PDs adjacent to the LDs on the first substrate. These supplementary LDs and
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PDs facilitate the creation of backward light paths that are required for implementing the
backpropagation algorithm.
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Figure 1. Example of a simple backpropagation algorithm used in a neural network, along with
mathematical formulae; 4; () is the ith input or output node in the Ith layer, w;; is the weight connecting
the jth input node and the ith output node, b; is the ith bias, zl(l) is the weighted input to the neurons

in the Ith layer, E is the cost function, tgl) is the target value; V _ (referred to as sensitivity) represents
the gradient of the cost function with respect to the following variable, and o is a sigmoid function.
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Figure 2. Bidirectional optical neural network (BONN) based on Kohler illumination and free-space

optics. It consists of lens arrays and a spatial light modulator. (a) A schematic of BONN, and the

l(l), PDZ(Z), and R]-k denote the ith laser diode, photodiode, and
(0
i

the ith laser diode, photodiode, and ray in the Ith layer for the backward direction, respectively.

related mathematical formulae. LD

ray in the Ith layer for the forward direction, respectively, and LD’ gl) , PD'}’, and R’ jk represent
L1y, Loy, and Lgp represent lens array 1, lens array 2, and lens 3, respectively. EPZ.U) and SLMEI)
represent the ith electronic processor and the spatial light modulator (SLM) in the Ith layer, respec-
tively. The red dashed oval indicates a neuron. (b) A schematic of the laser diode (LD’ l-(l)> for the
backward direction; the abbreviation LD represents “laser diode”. (c) A cascadable multilayer BONN.
(d) Three-dimensional view of a BONN system with a 2 x 2 input and a 3 x 3 output.

For the forward direction, the light paths and functions of components are similar to
those of the LCOE architecture proposed in ref. [14]. An LD replaces the input node, and it
emits two rays directed at lens array 1. The rays are collimated by the lens array, and the
collimated rays reach the SLM. Each SLM pixel transmits a ray with a preset weight that
passes through lens array 2. This lens array focuses the incident rays, with the angle of each
ray depending on the position of the pixel that emitted the ray. Lens 3 sorts incoming rays
into spots according to the equal-inclination rule. If the distance between the SLM and lens
array 2 equals the focal length of lens 2, and the detector plane is at the focus of lens 3, the
SLM and detector planes are conjugate. In this case, ray illumination areas can be clearly
defined, and channel crosstalk is reduced. Detectors collect rays with equal angles from
different LDs or inputs with preset weights, forming an output of a linear combination
of input signals. This optical system, known as the LCOE, performs parallel, one-step
calculations at the speed of light for inputs with preset weights. In the neural network
community, this forward computation is termed “inference”. While the SLM-based LCOE
is reconfigurable, it is better suited for inference tasks when its switching speed is lower.

For the backward direction, light is emitted by the LDs located on the second substrate,
which also contains the PDs for the forward light propagation. To differentiate the LDs
and PDs used for the backward direction from those used for the forward direction, the
former LDs and PDs are denoted by LD’ZO) and PD’ZO) in Figure 2a. The rays for the

backward direction are represented by thicker dashed lines (magenta and green). The
(D)

LDs receive information such as V_z;’ from the nearby output node or, more specifically,
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the electronic processor. The ray emitted by the LDs passes through lens 3, lens 2, and
the SLM pixel in the case of backward directions. The SLM pixels for backward direction
are denoted by a primed weight parameter, and they are positioned next to those for
the forward direction with the same transmission values or weight factors. It should be
noted that the backward rays pass through the SLM pixels at an angle, while the forward
rays are horizontal. This characteristic can be explained by considering the properties
of Kohler illumination, since BONN can be considered as a modified version of LCOE,
which is based on Kohler illumination [20,21]. In BONN, lenses 2 and 3 form a projection
system where the SLM and the second substrate are conjugate. Since the images of SLM

pixels are PDl(l) and LD’lgl), the distance between SLM pixels is magnified into the distance

between the LDs and PDs on the second substrate. Suppose that two rays R’gg and R’gg,
(1)

start from LD’(()l) and that they cross at the pixel labeled as w’\,’. An auxiliary or fictitious

ray R’gp, is introduced to explain the actual light path from LD’(()l). Since R’(, follows a

path similar to that of forward rays, it is horizontal at the SLM pixel. The angle between
the two rays at the SLM plane and the second substrate is related to the magnification
of the projection system. Therefore, if R’y has a certain angle from R’qg, on the second
substrate, it will have a certain fixed slope at the SLM plane, resulting in a fixed position

of PD’((JO) on the first substrate and maintaining a fixed distance from the corresponding
LD(()O). In this manner, backward rays from different LD'™M can be collected by PD’" on

i i
the first substrate. Through the backward light paths, the sensitivity information can be
transferred to the electronic processors in the previous layer. This backward information

transfer renders BONN suitable for use in the backpropagation algorithm.

(=1 0

Since the values of a j and V_z; are required for the calculation of V_wg ), the

)
1
substrate. The portion of light transmitted through these two pixels can be used to obtain
(I-1)
j
electronic processor for the calculation of V_w

detectors and electronic processor are better located near w..” or w’l(jl) pixels on the SLM

and V_zl(l). The values obtained by the detectors are provided to the
0,
1

More detailed features of the LD for the backward direction are shown in Figure 2b.
The use of a grating and a prism facilitate the emission of multiple rays and the control of
their directions. The light source can also be controlled by using diffractive optical elements
(DOEs) [22], which facilitate the generation of an arbitrary number of beams in arbitrary
directions. The beam divergence can be controlled by inserting a lens between the LD and
the grating. The function of a lens can also be incorporated into a DOE.

The proposed BONN system can be extended to implement multilayer neural net-
works in the direction of beam propagation, since multiple BONN systems can be cascaded.
For both forward and backward directions, the signal from the output node is directly
provided to the corresponding input of the LD. Thus, two LDs for the two directions, two
PDs for the two directions, and the corresponding electronic processor can form a neuron.
The red dashed oval in Figure 2a shows a neuron. An example of a multilayer BONN is
depicted in Figure 2c. If the system has M inputs, N outputs, and L layers, M x N x L
calculations can be performed in parallel in a single step. For forward calculations, this sig-
nificantly increases the throughput, which is beneficial for real-time inference applications
with continuous input flow. The increase in throughput resulting from the introduction of
additional layers also applies to backward calculations, provided the input is continuous.

In Figure 2d, a 3D view of a sample system with a 2 x 2 input and a 3 x 3 output is
presented for the easy comprehension of the BONN setup by the reader.

Notably, incorporating incoherent light in BONN does not allow for the representation
of negative weights, which are necessary for inhibitory connections in neural networks.
While the use of coherent light and interference effects can enable the system to represent
subtraction between inputs, such use may render the system complex and increase noise.
To address this challenge, two optical channels were employed for one output, and inputs
associated with positive weights were separated from those linked to negative weights,

the values of a
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as depicted in Figure 3. This method of handling negative weights has been previously
used in forward direction optical computers such as the LCOE [14] and lenslet array
processors [23]. Each channel optically sums the products of input values and their weights,
which is followed by electronic subtraction between the two channels. It is noteworthy that
when the positive weight is used, the corresponding weight in the negative channel is set
to zero, and when the negative weight is used, the corresponding weight in the positive
channel is set to zero. This subtraction approach streamlines the structure at the cost of
an additional channel. The use of separate channels for positive and negative weights is
termed “difference mode”, while the use of a single channel (seen in Figure 2a) is termed
“nondifference mode”. Since two channels are used for the forward direction and two more
channels are used for backward directions, four channels or four SLM pixels are required
to implement a single bidirectional channel, as shown in Figure 3.
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Figure 3. Schematic of difference mode BONN. Symbols such as X, with a subscript ending with “p
pertain to the positive channel, while those such as Xy, with a subscript ending with “n” represent
the negative channel. Otherwise, the notation is identical to that used in Figure 2a. The black dashed

oval shows a neuron.

3. Results

The scalability and throughput limitations of BONN were assessed using a method
similar to that employed for the LCOE in Reference [14]. Since BONN shares similarities
with the LCOE, its scalability limitations primarily stem from geometrical aberration rather
than diffraction effects or geometric image magnification.

If a worst-case angular aberration of 1 mrad and f/# of 2 are assumed, the maximum
input and output array sizes are restricted to 192 x 192. Each bidirectional channel for the
difference mode comprises four subchannels or four SLM pixels, resulting in a maximum
input or output array of 96 x 96 under the same optical constraints as those used in
reference [14]. With these scalability considerations, the number of connections, equivalent
to the number of multiply and accumulate (MAC) operations in one instruction cycle, was
estimated to be approximately (96 x 96)?, resulting in about 8.5 x 10’ MAC operations.
With electronic processing delays of 10 ns assumed, the optical computer’s throughput
was estimated to reach 8.5 x 10’ MAC/s. This throughput can potentially be increased
by incorporating multiple layers. While multiple layers may introduce data processing
delays, they operate simultaneously, akin to pipelining in a digital computer. Since modern
neural networks often involve hundreds of layers, the total throughput can be augmented
accordingly. For instance, with 100 layers, the throughput can surge to 8.5 x 1017 MAC/s,
surpassing the throughput of a tensor processing unit, which is 4.59 x 10'* floating point
operations/s [24].
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However, the above parallel throughput estimation is for the assumption that the
input flow is continuous, which is typical for forward direction data flow in inference
applications. For the backpropagation algorithm, the data flow is not continuous but occurs
in a single pass, which is sequential. Therefore, the parallel throughput does not increase
with the number of layers. In practice, the maximum throughput for backward data flow
is only 8.5 x 10'> MAC/s. The performance of various architectures of neural networks
is compared in Table 1. Evidently, BONN has greater potential than other ONNs and
electronic competitors.

SLMs consume insignificant power, since the typical liquid crystal consumes around
10 W/m? [25]. Therefore, most of the power consumed by BONN may be used by the light
source for generating inputs and by the electronic processors. If vertical-cavity surface-
emitting lasers with an operating power of 1 mW are used for light sources for generating
192 x 192 inputs, one layer of BONN consumes about 70 W [26]. This amount of heat
can be dissipated through natural convection or forced convection without a significant
increase in the device temperature, unless the size of the board or the substrate, including
light sources, is too small.

There is another major problem in realizing BONN in hardware. Training the neural
network requires that the data flow forward and backward in turn numerous times. Con-
sequently, the pixel values of the SLM should be updated whenever the direction of data
flow changes. The time span between the updating processes is approximately the product
of the delay time of the electronics in a single layer and the number of layers. For instance,
if the system comprises 100 layers, the refresh time would be about 1 ps.

Nevertheless, the majority of currently available SLMs exhibit sluggish performance,
leading to significant latency [27,28], and the low refresh rate of SLMs significantly affects
the throughput of BONN. Despite advances in MEMS technology, most SLMs still operate
within a range of tens of kilohertz, significantly slower than electronic switches, which
introduces substantial latency in BONN operations.

An alternative approach to realizing BONN involves the development of high-speed
SLMs based on absorption modulation [29]. However, developing a novel SLM device is
extremely challenging, requiring considerable time and effort. Since this BONN architecture
demonstrates the feasibility of a high-throughput ONN in theory, it may serve as an
example of applications that could require the future development of high-speed SLMs.

Table 1. Comparison of the performance of various neural network architectures.

Architecture Computing Speed (TOPs/s) Features

Backpropagation algorithm
Diffractive ONN [15] 7.86 x 1074 4f correlator
1 mW laser source

Electronic Al accelerator

. . 2
Tensor Processing Unit [24] 4.59 x 10 TPUv5p

Photonic Reservoir

Computing [30] 100 Scattering medium

Bidirectional data flow;
BONN 8.5 x 103 for inference, the speed may
be increased further

4. Discussion

Besides its use in implementing the backpropagation algorithm, BONN can be used to
implement a compact ONN for inference applications. The simplest example of a compact
ONN can be realized using a two-layer or two-mirror-like BONN (TMLBONN), where
the data flow back and forth between two layers, emulating Lt layer LCOE, updating the
weights read from the memory inside electronic processors connected to the SLM pixels.
Although the parallel throughput of the TMLBONN for inference is reduced by a factor of
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Lt compared with the Lt layer LCOE that works simultaneously for continuous input, the
volume of the ONN hardware is also reduced by a factor of L.

Since the TMLBONN is cascadable for an odd L, it can be extended into multiple
TMLBONN structures to increase the parallel throughput for continuous input data. For
example, if a TMLBONN can emulate a five-layer BONN by bouncing data back and forth
between two layers, 20 cascaded TMLBONNSs can replace a 100-layer BONN. Since the
input and output layers of a cascaded TMLBONN can be installed on a single substrate, the
actual number of layers in 20 cascaded TMLBONN:S is 20, excluding the zeroth layer. The
use of the TMLBONN reduces the volume of the system by about five times compared with
a 100-layer BONN. In terms of parallel throughput, 20 cascaded TMLBONNSs show higher
performance than a single TMLBONN by a factor of 20, as all 20 TMLBONNSs operate
simultaneously. Since the time delay of a TMLBONN increases five times, its performance
gain is four times that of a single-layer BONN. Therefore, if a BONN has a throughput
of 8.5 x 10'®> MAC/s, 20 cascaded TMLBONN s with five foldings have a throughput of
3.4 x 10! MAC/s and hardware that is five times more compact than 100-layer LCOEs.
This compact structure is recommended for form-factor critical applications and in the
early stage of the construction of BONN, since a two-layer system is cheaper and easier to
assemble than a multi-layer system.

In a previous report [14], the use of the clustering technique was suggested to over-
come the scaling limit of LCOE. It is worth investigating the possibility of using the
clustering technique in the BONN architecture, since the technique may provide scala-
bility and a corresponding increase in the parallel throughput as the scaling proceeds, at
least theoretically.

The clustering technique creates a new optical module with doubled input and output
array sizes by assembling basic optical modules. Similar to mathematical induction, clus-
tering can continue and increase the number of connections and throughput by four times
at each step. The simplest basic optical module has two input and two output ports, similar
to the optical module shown in Figure 2a. Since BONN is bidirectional, an output port can
be used as an input port with reverse data flow. If reverse data flow occurs in a clustering
structure as observed in reference [14], data flow starts from the new input (old output)
ports of the clustering structure, passes through splitting, cross, and straight-through con-
nections, and full interconnection modules. The final data appear at the new output (old
input) ports with the weighted sum of all input ports, resulting in full connection between
the doubled input and output ports under reverse data flow. Thus, the clustering technique
is applicable to BONN and can be used to overcome the scaling limit of BONN.

5. Conclusions

BONN is proposed for providing backward connections in addition to the forward
connections available in the LCOE architecture. The use of the properties of Kohler illu-
mination in BONN facilitates the addition of LDs and PDs to provide optical channels
for backward direction. BONN's bidirectional nature can support algorithms such as the
backpropagation algorithm in artificial neural networks.

The scaling limit of BONN is about (96 x 96) for input and output arrays under the
same optical constraints used for the analysis of the LCOE in reference [14]. If electronic pro-
cessing delays of 10 ns are assumed, the throughput of BONN can reach 8.5 x 101> MAC/s.
While the BONN throughput can increase with the number of layers for continuous input,
since the backpropagation algorithm’s data flow occurs in a single pass, the increase in the
parallel throughput with the number of layers is limited. The maximum throughput for
backward data flow is capped at 8.5 x 10> MAC/s.

The successful implementation of the backpropagation algorithm by using BONN
depends on the development of fast SLM devices, since neural network training requires
frequent changes in data flow between forward and backward directions. Such frequent
changes require the SLM pixel value to be updated. A 100-layer system requires a refresh
time on the order of microseconds, while currently available SLMs with LCD and MEMS
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technology have longer switching times. Developing SLMs based on absorption modulation
could be a solution, but it would require significant time and effort.

Another application of BONN that was considered was in inference to realize small
form factor hardware. TMLBONN can emulate a multilayer BONN through data transmis-
sion back and forth between two layers, albeit with a longer time delay. More bounces or
foldings between the two layers can save hardware space by the same factor as the number
of foldings. Multiple TMLBONNSs can be cascaded to increase the parallel throughput.
The use of multiple TMLBONN structures can reduce the hardware volume and provide
reasonable performance gain.

Finally, the possibility of applying the clustering technique to BONN to overcome the
scaling limit was investigated. BONN's bidirectionality caused the basic optical module of
the cluster to operate backward. The reverse data flow provided full interconnections for
the backward direction between the doubled new input and output ports. Owing to its bidi-
rectionality, BONN is expected to be widely used in algorithms such as the backpropagation
algorithm, employed for supervised learning in artificial neural networks. Furthermore,
the TMLBONN structure can help increase the compactness of inference hardware.

Funding: This research received no external funding.

Data Availability Statement: The datasets generated during and/or analyzed during the current
study are available from the corresponding author on reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Ambs, P. Optical Computing: A 60-Year Adventure. Adv. Opt. Technol. 2010, 2010, 372652. [CrossRef]

2. McAulay, A.D. Optical Computer Architectures; Wiley-Interscience: Hoboken, NJ, USA, 1991.

3. Jahns, J. Free-Space Optical Digital Computing and Interconnection. In Progress in Optics; Wolf, E., Ed.; Elsevier: Amsterdam, The
Netherlands, 1998; Volume 38, pp. 419-513.

4. Streibl, N.; Brenner, K.H.; Huang, A.; Jahns, J.; Jewell, J.; Lohmann, A.-W.; Prise, M.E,; Sizer, T.; Miller, D.A.B.; Murdocca, M.
Digital Opitcs. Proc. IEEE 1989, 77, 1954-1969. [CrossRef]

5. Seitz, P. Smart Pixels. In Proceedings of the 2001 International Symposium on Electron Devices for Microwave and Optoelectronic
Applications. EDMO 2001, Vienna, Austria, 16 November 2001; pp. 229-234.

6.  Rosenblatt, F. The Perceptron: A Probalistic Model for Information Storage and Organization in the Brain. Psychol. Rev. 1958, 65,
386-408. [CrossRef] [PubMed]

7. Khonina, S.N.; Kazanskiy, N.L.; Skidanov, R.V.; Butt, M.A. Exploring Types of Photonic Neural Networks for Imaging and
Computing—A Review. Nanomaterials 2024, 14, 697. [CrossRef] [PubMed]

8.  Liao, K, Dai, T,; Yan, Q.; Hu, X.; Gong, Q. Integrated Photonic Neural Networks: Opportunities and Challenges. ACS Photonics
2023, 10, 2001-2010. [CrossRef]

9. Caulfield, H.J.; Kinser, ].; Rogers, S.K. Optical neural networks. Proc. IEEE 1989, 77, 1573-1583. [CrossRef]

10. Jang,J.S.; Jung, SSW.; Lee, S.Y.; Shin, S.Y. Optical implementation of the Hopfield model for two-dimensional associative memory.
Opt. Lett. 1988, 13, 248-250. [CrossRef] [PubMed]

11. Zhou, T, Lin, X,; Wu, J.; Chen, Y.; Xie, H,; Li, Y;; Fan, J.; Wu, H.; Fang, L.; Dai, D. Large-scale neuromorphic optoelectronic
computing with a reconfigurable diffractive processing unit. Nat. Photonics 2021, 15, 367-373. [CrossRef]

12. Liu,J; Wu, Q.; Sui, X,; Chen, Q.; Gu, G.; Wang, L.; Li, S. Research progress in optical neural networks: Theory, applications and
developments. PhotoniX 2021, 2, 5. [CrossRef]

13. Lin, X,; Rivenson, Y.; Yardimci, N.T.; Veli, M.; Luo, Y,; Jarrahi, M.; Ozcan, A. All-optical machine learning using diffractive deep
neural networks. Science 2018, 361, 1004-1008. [CrossRef] [PubMed]

14. Ju, Y.G. A scalable optical computer based on free-space optics using lens arrays and a spatial light modulator. Opt. Quantum
Electron. 2023, 55, 220. [CrossRef]

15.  Zhou, T,; Fang, L.; Yan, T.; Wu, J.; Li, Y; Fan, J.; Wu, H.; Lin, X,; Dai, Q. In situ optical backpropagation training of diffractive
optical neural networks. Photonics Res. 2020, 8, 940-953. [CrossRef]

16. Gu, Z.; Huang, Z.; Gao, Y.; Liu, X. Training optronic convolutional neural networks on an optical system through backpropagation
algorithms. Opt. Express 2022, 30, 19416-19440. [CrossRef] [PubMed]

17.  Ju, Y.G. Scalable Optical Convolutional Neural Networks Based on Free-Space Optics Using Lens Arrays and a Spatial Light
Modulator. J. Imaging 2023, 9, 241. [CrossRef] [PubMed]

18.  Werbos, PJ. Backpropagation through time: What it does and how to do it. Proc. IEEE 1990, 78, 1550-1560. [CrossRef]

19. Nielsen, M.A. Neural Networks and Deep Learning; Determination Press: San Francisco, CA, USA, 2015; Volume 25. Available

online: http://neuralnetworksanddeeplearning.com (accessed on 16 May 2024).


https://doi.org/10.1155/2010/372652
https://doi.org/10.1109/5.48834
https://doi.org/10.1037/h0042519
https://www.ncbi.nlm.nih.gov/pubmed/13602029
https://doi.org/10.3390/nano14080697
https://www.ncbi.nlm.nih.gov/pubmed/38668191
https://doi.org/10.1021/acsphotonics.2c01516
https://doi.org/10.1109/5.40669
https://doi.org/10.1364/OL.13.000248
https://www.ncbi.nlm.nih.gov/pubmed/19742043
https://doi.org/10.1038/s41566-021-00796-w
https://doi.org/10.1186/s43074-021-00026-0
https://doi.org/10.1126/science.aat8084
https://www.ncbi.nlm.nih.gov/pubmed/30049787
https://doi.org/10.1007/s11082-022-04495-w
https://doi.org/10.1364/PRJ.389553
https://doi.org/10.1364/OE.456003
https://www.ncbi.nlm.nih.gov/pubmed/36221719
https://doi.org/10.3390/jimaging9110241
https://www.ncbi.nlm.nih.gov/pubmed/37998087
https://doi.org/10.1109/5.58337
http://neuralnetworksanddeeplearning.com

Micromachines 2024, 15, 701 10 of 10

20.
21.
22.

23.
24.
25.

26.

27.

28.

29.
30.

Arecchi, A.V,; Messadi, T.; Koshel, R.J. Field Guide to Illumination; SPIE Field Guides vol FG11; SPIE Press: Bellingham, WA, USA,
2007; p. 59.

Greivenkamp, ].E. Field Guide to Geometrical Optics; SPIE Field Guides Vol. FG01; SPIE Press: Bellingham, WA, USA, 2004; p. 58.
Nguyen, G.N. Modeling, Design and Fabrication of Diffractive Optical Elements Based on Nanostructures Operating Beyond
the Scalar Paraxial Domain. Doctoral Dissertation, Télécom Bretagne, Université de Bretagne Occidentale, Brest, France, 2014.
Available online: https:/ /hal.science/tel-01187568 /document (accessed on 16 May 2024).

Glaser, I. Lenslet array processors. Appl. Opt. 1982, 21, 1271-1280. [CrossRef] [PubMed]

Tensor Processing Unit. Available online: https:/ /en.wikipedia.org/wiki/Tensor_Processing_Unit (accessed on 11 May 2024).
Kim, M.; Lee, D.; Park, H.; Jung, H.Y; Jung, J.; Baek, S.H.; Jung, ].W.; Park, S.M.; Kwon, K.S.; Jin, H.S,; et al. Ultralow Power
Consumption Liquid Crystal Display Retaining Superior Image Qualities. Adv. Opt. Mater. 2024, 12, 2301963. [CrossRef]

Ko, J.; Hegblom, E.R.; Akulova, Y.A.; Margalit, N.M.; Coldren, L.A. Ultralow-threshold 850-nm oxide-apertured vertical-cavity
lasers using AllnGaAs/AlGaAs strained active layers. In Vertical-Cavity Surface-Emitting Lasers II; SPIE: Bellingham, WA, USA,
1998; Volume 3286, pp. 18-29.

Cox, M.A_; Cheng, L.; Forbes, A. Digital micro-mirror devices for laser beam shaping. In Proceedings of the Fifth Conference on
Sensors, MEMS, and Electro-Optic Systems, Skukuza, South Africa, 8-10 October 2018.

Mihara, K.; Hanatani, K.; Ishida, T.; Komaki, K.; Takayama, R. High Driving Frequency (>54 kHz) and Wide Scanning Angle
(>100 Degrees) MEMS Mirror Applying Secondary Resonance For 2K Resolution AR/MR Glasses. In Proceedings of the 2022
IEEE 35th International Conference on Micro Electro Mechanical Systems Conference (MEMS), Tokyo, Japan, 9-13 January 2022;
pp. 477-482.

Miller, D.A.B. Quantum-well self-electro-optic effect devices. Opt. Quantum Electron. 1990, 22, S61-598.

Rafayelyan, M.; Dong, J.; Tan, Y.; Krzakala, F.; Gigan, S. Large-scale optical reservoir computing for spatiotemporal chaotic
systems prediction. Phys. Rev. X 2020, 10, 041037. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://hal.science/tel-01187568/document
https://doi.org/10.1364/AO.21.001271
https://www.ncbi.nlm.nih.gov/pubmed/20389845
https://en.wikipedia.org/wiki/Tensor_Processing_Unit
https://doi.org/10.1002/adom.202301963
https://doi.org/10.1103/PhysRevX.10.041037

	Introduction 
	Materials and Methods 
	Results 
	Discussion 
	Conclusions 
	References

