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Abstract 

This work introduces a symmetrical smart-pixel-based bidirectional optical convolutional neural 

network (Sym-SPBOCNN) that unifies forward and backward propagation within a single 

geometrically symmetric free-space architecture. By pairing two identical SPOCNN modules side by 

side, the system allows both propagation directions to share the same lens arrangement, pixel 

geometry, and imaging distances, thereby eliminating the asymmetric optical paths and complex 

alignments required in earlier SPBOCNN designs. Each smart-pixel light modulator (SPLM) 

integrates a photodetector, electronic processor, memory, and light emitter, enabling nanosecond-

scale weight updates and high-bandwidth optical modulation. Optical analysis confirms that the 

symmetric configuration preserves high-definition imaging while supporting kernel sizes up to 46×46 

under typical lens-array constraints. Performance estimates show that a single 4K-resolution SPLM 

layer achieves over 4.1×10¹⁴ MAC/s, and a pipelined ten-layer configuration exceeds 4.1×10¹⁵ MAC/s 

without additional overhead. The architecture also inherits the reciprocity of SPBOCNNs, enabling 

efficient optical inference while substantially reducing the complexity of optical design, fabrication, 

and alignment. These characteristics establish the Sym-SPBOCNN as a compact and scalable 

bidirectional optical processor suitable for future hybrid electro-optical AI hardware. 

Keywords: optical neural network; convolution; smart pixel; bidirectional; free-space optics; 

symmetry; optical computing 

 

1. Introduction 

In recent years, the field of artificial intelligence has witnessed remarkable advances driven by 

deep learning algorithms [1,2], particularly convolutional neural networks (CNNs) [3], which have 

transformed visual recognition, natural language processing, and scientific computing. However, as 

CNN architectures continue to grow in complexity and depth, the computational burden associated 

with large-scale matrix multiplications and convolutional operations has become a major challenge 

for conventional electronic hardware such as graphics processing units and tensor processing units. 

Although these electronic accelerators achieve high throughput, they inherently suffer from latency 

caused by memory bandwidth limitations [4], synchronization delays [5], and significant power 

consumption [6,7]. These factors motivate the exploration of alternative computing paradigms that 

can achieve large-scale parallelism and energy efficiency [8]. 

Optical computing has emerged as a compelling candidate to overcome the performance 

bottlenecks of electronic architectures. By leveraging the intrinsic parallelism and high bandwidth of 

light, optical convolutional neural networks (OCNNs) can, in principle, execute massive 

convolutional operations simultaneously at the speed of light. Traditional OCNNs often employ the 

4f correlator configuration [9–12], which uses Fourier optics [13] to perform spatial convolutions. 

While this architecture demonstrates impressive optical parallelism, it suffers from several well-

known limitations, including the finite space–bandwidth product of lenses [9], geometric aberrations, 
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and slow refresh rates of spatial light modulators (SLMs). The limited update speed of SLMs, 

typically in the tens of kilohertz range [14,15], restricts the reconfigurability of such systems, making 

them unsuitable for dynamic or multilayer inference. 

To address these constraints, free-space optical architectures utilizing lens arrays [16] and Köhler 

illumination [17,18] have been proposed to achieve scalable optical CNNs (SOCNNs) [19]. These 

architectures replaced the Fourier-domain filtering of 4f systems with direct spatial-domain 

convolution, allowing for unrestricted input dimensions and reduced crosstalk. However, the 

reliance on SLMs still imposed serious bottlenecks for weight updates, as each kernel reconfiguration 

required sequential pixel addressing. Consequently, the refresh rate of weights could not match the 

intrinsic optical processing speed, preventing true real-time adaptability. 

The introduction of the smart-pixel-based optical convolutional neural network (SPOCNN) [20] 

represented a major step forward. In this architecture, the conventional SLM was replaced by a smart 

pixel light modulator (SPLM) [21,22] that integrates a photodetector, electronic processor (EP), and 

light-emitting diode (LED) within each pixel. This hybrid optoelectronic design enables localized 

optical–electrical–optical conversion, permitting ultrafast modulation and weight updates in the 

hundreds of megahertz range. The EP within each smart pixel performs analog multiplication of 

incoming optical signals with stored weights, while the output light intensity corresponds to the 

weighted result. This innovation allows SPOCNNs to maintain the inherent optical parallelism of 

free-space systems while adding programmability and fast reconfigurability. 

Further evolution led to the development of the smart-pixel-based bidirectional optical 

convolutional neural network (SPBOCNN) [20], which extended SPOCNNs by enabling light 

propagation in both forward and backward directions through the same physical space. This 

bidirectionality opened the possibility of implementing training-related algorithms such as error 

backpropagation directly in optical hardware. By integrating electrical fan-in and fan-out structures, 

SPBOCNNs reduced wiring complexity and enhanced hardware modularity. Additionally, their 

bidirectional operation facilitated the realization of two-mirror-like architectures capable of 

emulating multiple neural layers using only two physical layers—significantly reducing hardware 

volume while retaining computational capacity. 

Despite these advances, prior SPBOCNN implementations remained optically asymmetric: the 

forward and backward paths required separate optical alignments and distinct substrate 

arrangements for photodetectors and light sources. This asymmetry complicated optical alignment, 

increased packaging difficulty, and led to higher fabrication costs. To overcome these challenges, this 

work introduces a symmetric smart-pixel-based bidirectional optical convolutional neural network 

(Sym-SPBOCNN). The proposed system introduces a geometrically symmetric optical configuration 

in which the forward and backward light paths share identical lens arrangements and distances. Such 

symmetry not only simplifies optical design and alignment but also ensures identical optical 

characteristics in both propagation directions, enabling stable and efficient bidirectional 

computation. 

The Sym-SPBOCNN architecture employs two identical SPOCNN modules arranged side by 

side to handle forward and backward propagation. The optical convolution operation is performed 

through lens arrays that project weighted light distributions from one SPLM plane to the opposite 

plane. Because of the symmetric layout, the same optical elements process both forward inference 

and backward computation, allowing the development of a single optical system for both directions. 

This design also simplifies the SPLM structure, since each SPLM requires only a light-source array 

on the top surface instead of separate light-source and detector arrays for bidirectional 

communication. 

These features greatly reduce development steps and manufacturing effort, leading to lower 

production costs and easier system integration using a well-established lens-array imaging platform. 

Collectively, these characteristics position the Sym-SPBOCNN as an efficient and reconfigurable 

computing architecture that bridges the gap between optical speed and electronic adaptability. 
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The remainder of this paper is organized as follows. Section 2 presents the theoretical model and 

optical configuration of the proposed symmetrical bidirectional architecture. Section 3 analyzes the 

optical characteristics, scalability, system throughput, and comparisons with previous SPBOCNN 

systems. Section 4 discusses the application of crossbar switches to the Sym-SPBOCNN for 

implementing a two-mirror-like architecture and examines the feasibility of the proposed system. 

Finally, Section 5 summarizes the conclusions and outlines future directions for developing practical, 

large-scale symmetrical optical neural networks based on smart-pixel technology. 

2. Materials and Methods 

Before discussing the architecture of the proposed Sym-SPBOCNN, we briefly revisit the core 

concept of a CNN and SPBOCNN. As shown in Figure 1 and detailed in our earlier study [19], a CNN 

consists of input and output neurons linked by weighted local connections. During inference, the 

signals from the input nodes are transmitted through these weighted links to produce outputs. In 

contrast to fully connected optical neural networks such as linear combination optical engine (LCOE) 

[23], CNNs rely on partial or spatially constrained connectivity, where the learnable weights form 

convolution kernels. 

 

Figure 1. An illustrative diagram of a typical convolutional neural network (CNN) and its mathematical 

formulation are presented. In this notation, 𝑎𝑖
(𝑙)

  represents the i-th neuron in layer l, either serving as an input 

or an output. The term 𝑤𝑖𝑗denotes the weight connecting neuron j in the previous layer to neuron i in the current 

layer, while 𝑏𝑖 is the associated bias parameter. The variable N specifies the size of the input feature map, and 

Nm corresponds to the kernel size—or equivalently, the number of trainable connections per neuron. The 

activation function σ denotes a sigmoid nonlinearity. This figure is adapted from [19]. 

The CNN concept is implemented in the SPBOCNN architecture, as shown in Figure 2(a), with 

additional functional details provided in [20]. A distinctive aspect of this architecture is its 

bidirectional communication capability, made possible by the integration of backward light sources, 

SPLM arrays, and lens arrays. In particular, the backward light source utilizes a diffraction grating 

and prism, as depicted in Figure 2(b), to distribute optical signals toward the SPLM array on the 

opposite substrate. The optical signals arriving at SPLM(0) pixels from multiple LD′(1) emitters are then 

summed through an electrical fan-in circuit, as illustrated in Figure 2(c). This bidirectional optical 

routing forms the foundation of the SPBOCNN’s convolutional connectivity. 
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(a) 

 
(b) 

 
(c) 

Figure 2. An example of a SPBOCNN: (a) A schematic of the SPBOCNN and the associated mathematical 

formulas. 𝑎𝑖
(𝑙)

 represents the i-th input or output node in the l-th layer. 𝑤𝑗𝑖  denotes the weight connecting the 

i-th input to the j-th output in the forward direction, while 𝑤′𝑗𝑖  represents the weight in the backward direction. 

The thin lines represent the light paths in the forward direction, while the thick lines represent those in the 

backward direction. LD, PD, EP, and SPLM denote the laser diode, photodiode, electronic processor, and smart-

pixel light modulator, respectively; (b) light source for the backward direction; (c) schematic of the smart pixel 

light modulator used for the SPBCONN. All sub-figures in Figure 2 are adapted from [20]. 

The SPBOCNN further enhances this architecture by employing SPLMs capable of modulation 

speeds in the hundreds of megahertz, with embedded EP memory enabling nanosecond-scale weight 
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updates. This high-speed reconfigurability eliminates the major performance limitation of earlier 

BONN systems that relied on slower SLM technologies. As a result, real-time hardware 

implementation of backpropagation becomes feasible. Moreover, the bidirectional signal propagation 

and rapid in-pixel weight updating allow the two-mirror-like SPBOCNN (TML-SPBOCNN) [20] 

architecture to emulate deep, multilayer networks using only two physical layers. Information 

reciprocates between the two layers, enabling scalable depth without additional optical hardware—

made possible by the memory-integrated smart pixels of the SPLM. 

To maintain bidirectional computation within a compact footprint, each SPLM pixel is 

partitioned into forward and backward modulation units, enabling both propagation directions 

within the same device. Additional simplification is achieved by integrating electrical fan-in for 

backward-signal summation and consolidating optical components such as lenses. These refinements 

reduce optical alignment sensitivity, shrink system size, and improve implementation practicality. 

The SPBOCNN architecture is inherently scalable, enabling multiple layers to be cascaded to 

increase computational depth and throughput for continuous data processing. Each layer comprises 

a smart-pixel array, a lens array, and a detector array arranged to support bidirectional signal flow. 

As a result, SPBOCNN offers a compact, high-speed, and flexible optical computing platform capable 

of efficient convolutional processing with dynamic weight updates. 

However, earlier SPBOCNN designs still exhibited a key limitation: the bidirectional operation 

relied on asymmetric optics, requiring separate alignment procedures and distinct substrate layouts 

for the forward and backward directions. This structural asymmetry introduced considerable 

complexity in alignment and packaging, ultimately increasing fabrication and assembly costs. 

To overcome these limitations, we propose a symmetric optical configuration for both forward 

and backward propagation, as illustrated in Figure 3. Two identical optical paths are placed side by 

side: one dedicated to forward propagation and the other to backward propagation. Each path 

incorporates an SPLM, a lens, and a detector on the opposite side. Notably, the SPLM in this 

configuration supports only outgoing light modulation, differing from the bidirectional SPLM used 

in the SPBOCNN. This type of unidirectional SPLM has previously been demonstrated in our earlier 

work [20]. As shown in Figure 3b, it integrates light emitters such as micro-LEDs [24] or vertical-

cavity surface-emitting lasers (VCSELs) [25] above the EP layer and employs an electrical fan-out for 

routing signals. Because the device no longer requires a photodiode (PD) on the topmost layer—as is 

the case in the SPBOCNN—its fabrication becomes simpler and more cost-effective. 

 
(a) 
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(b) 

 
(c) 

 
(d) 

Figure 3. Schematics of the proposed Sym-SPBOCNN architecture: (a) Conceptual layout and its corresponding 

mathematical notation. SPLM(i) and SPLM′(i) denote the SPLMs used for the forward and backward propagation 

directions, respectively, and PD(i) and PD′(i) represent the corresponding photodetectors for the forward and 

backward directions. (b) Structure of the unidirectional SPLM employed in the Sym-SPBOCNN, where electrical 

fan-out routes the input signals to individual smart-pixel units. Each pixel includes electronic processing (EP) 

with an integrated memory element connected to an LED output. Adapted from [20]; (c) Practical example of 

the SPLM structure shown in (b), in which a VCSEL array is mounted onto the EP layer, and the EP chip is 

subsequently bonded to a silicon submount via micro-bump interconnects; (d) Three-dimensional schematic of 

the Sym-SPBOCNN. Here, ε denotes the physical aperture size of each smart-pixel light source in the SPLM. The 

parameters b and d refer to the SPLM unit period (or detector pitch) and the pixel pitch at the SPLM plane, 

respectively. The distances l₁ and l₂ represent the separations from the lens to the SPLM and from the lens to the 

detector. 

A practical implementation example of this unidirectional SPLM is illustrated in Figure 3c. Here, 

the EP chip is bonded to a silicon submount that provides electrical fan-out, and the VCSEL array is 

attached to the EP chip using micro-bump bonding, a well-established technique in modern 3D chip 

packaging. Figure 3d presents a three-dimensional view of the Sym-SPBOCNN architecture. 
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3. Results 

The Sym-SPBOCNN inherits the optical characteristics of the SPBOCNN, with the key 

distinction that its forward and backward channels are interlaced side by side. In the original 

SPBOCNN, the SPLM modules are arranged with a spacing of b on the zeroth substrate, while the 

PDs are placed with the same spacing b on the opposing first substrate. In contrast, the Sym-

SPBOCNN interlaces both SPLM modules and PDs with a spacing of √2𝑏, as shown in Figure 3d. 

The opposite substrate follows the same pattern, except that an SPLM on the zeroth substrate faces a 

PD on the first substrate and vice versa. In the square-lattice arrangement with a period of b, two 

opposite corners are occupied by SPLM modules, and the remaining two corners are occupied by 

PDs. 

This symmetric arrangement of optical components allows the scaling behavior of the Sym-

SPBOCNN to be analyzed using parallels to the SPBOCNN [20] or SOCNN [19] models. One major 

difference lies in the fill factor of the light source within each pixel. As illustrated in Figure 3d, the 

light-source size (e.g., micro-LED or VCSEL) is assumed to be ε, whereas the spacing between 

neighboring pixels is √2𝑑. This spacing is larger by a factor of √2 compared with SOCNN, where 

adjacent pixels are separated by d. This configuration can be interpreted as effectively removing every 

other pixel in a densely packed SOCNN-style array with spacing d. Therefore, if the scaling limit of 

the kernel size in SOCNN is 66 × 66, then in the Sym-SPBOCNN architecture it becomes 

(66/√2) × (66/√2) ≈ 46 × 46 , since half of the pixel positions are unavailable or reserved for the 

opposite-direction data flow. 

Regarding the optical setup, the pixel array on the zeroth substrate is imaged onto the first 

substrate by Lens1, while the pixels on the first substrate are imaged onto the zeroth substrate by 

Lens2. Because the spacing between the pixels on the zeroth substrate must be magnified to match 

the spacing between the detectors on the first substrate, the required magnification factor M becomes 

(√2𝑏)/(√2𝑑) = 𝑏/𝑑, which is also expressed as 𝑙2/𝑙1. 

Building on earlier scaling studies [19,20], the magnification factor M in the proposed system 

can theoretically reach values up to 46, which is sufficiently large for practical Sym-SPBOCNN 

implementations. This array-size limit of 46×46 assumes an f/# of 2 for Lens1 and an angular 

aberration of approximately 3 mrad. Nonetheless, this theoretical bound can be extended by 

employing LCOE architectures with clustering techniques [23] or smart-pixel based optical neural 

network (SPONN) systems coupled with software-based scaling strategies [20]. Whereas Sym-

SPBOCNN provides only partial connectivity between its input and output arrays, both LCOE and 

SPONN architectures enable fully connected mappings. In this sense, the interconnections in Sym-

SPBOCNN represent a subset of those available in LCOE or SPONN, implying that SPONN can 

emulate a Sym-SPBOCNN configuration with matching input and output sizes. Because fully 

connected optical neural networks can scale effectively through clustering and the use of smart-pixel 

memory, the inherent limitations of the Sym-SPBOCNN can be substantially mitigated. 

The performance analysis follows a similar approach to that of the SPBOCNN [20], as the 

bidirectional optical paths of the Sym-SPBOCNN share the same structural configuration as the 

forward path in SPBOCNN. Consequently, the parallel processing capability of the Sym-SPBOCNN 

is largely dictated by the size of the SPLM array. The SPLM can be divided into smaller subarrays 

according to the kernel size; using smaller kernels increases the portion of the SPLM available for the 

input array. The device can also be segmented so that multiple kernels are processed simultaneously 

by replicating the input pattern across different regions. Each region can independently execute 

convolution operations with distinct kernels in parallel. 

Within the Sym-SPBOCNN, however, multiple kernels can also be handled sequentially through 

the SPLM’s built-in memory, removing the need for dedicated optical channels for each kernel set. 

Under this configuration, the number of operations per cycle equals half the number of pixels on the 

SPLM. For an SPLM with a resolution of 3840 × 2160, this corresponds to approximately 4.1×106 

effective connections, enabling the same number of multiply-and-accumulate (MAC) operations per 

cycle. If electronic processing dominates the system latency (about 10 ns [22]), the resulting 
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computational throughput reaches 4.1×1014 MAC/s. Although the SPLM may introduce a comparable 

delay of approximately 10 ns, kernel updates can be performed concurrently with signal processing 

at the detector-plane smart pixels under continuous-input operation, thus avoiding additional cycle 

overhead. 

Throughput can be further increased by adding more processing layers. While additional layers 

introduce extra propagation delay, each layer operates concurrently in a pipeline-like manner, similar 

to multi-stage digital processing. With ten layers operating in parallel, the overall system throughput 

can reach approximately 4.1×1015 MAC/s. 

When the Sym-SPBOCNN is cascaded into a multi-layer configuration, each substrate must 

include an SPLM array on both sides to support forward and backward data flow, as illustrated in 

Figure 4. In Figure 3(a), the zeroth substrate has a detector on the left because it is assumed that the 

input is provided by the image relayed from the preceding optical stage. 

 

Figure 4. A Sym-SPBOCNN illustrating an iteration unit within a cascaded multi-layer network. Each substrate 

includes SPLM(i) and SPLM′(i) on opposite sides to support bidirectional data flow. 

4. Discussion 

The Sym-SPBOCNN can be integrated with crossbar switches, as described in [26], to implement 

a two-mirror-like architecture with data rearrangement between layers, as shown in Figure 5. The 

bidirectional nature of Sym-SPBOCNN can emulate the arbitrary multiple layers using only two 

physical layers by bouncing the data between the two layers using memory of SPLM and its high-

speed refresh rate. The crossbar switches enable permutation of the data set, allowing the data format 

to be reconfigured between layers and providing greater algorithmic flexibility in neural-network 

computation, as explained in detail in the previous report [25]. Since the Sym-SPBOCNN inherit the 

much properties of SPBOCNN except that it simplifies the optical structures by using a unified optical 

arrangement for both directions, it also can take advantage of the TML-SPBOCNN with crossbar 

switches. 

Another advantage of the Sym-SPBOCNN is its optical simplicity, as the detailed optical designs 

have already been demonstrated in earlier studies [27]. Unlike architectures that require diffraction 

elements to split beams for backward propagation, the Sym-SPBOCNN does not demand such 

complex optical components. Systems that rely on different optical configurations for backward 

propagation require additional fabrication steps and precise optical alignment, which increases 

manufacturing, assembly, and maintenance costs. In contrast, the symmetric design of the Sym-
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SPBOCNN significantly reduces these burdens, offering improved cost efficiency and enhanced 

system reliability. 

 

Figure 5. Application of the Sym-SPBOCNN to a crossbar switch network. The Sym-SPBOCNN emulates 

multiple neural-network layers, while the crossbar switch dynamically rearranges data between layers. 

5. Conclusions 

This work presented a theoretical framework for a Sym-SPBOCNN. By introducing geometric 

symmetry into the bidirectional free-space architecture, the proposed system allows forward and 

backward optical propagation to share identical lens arrangements, imaging distances, and pixel-

level configurations. This unified design eliminates the asymmetry that previously required separate 

optical configurations, thereby simplifying alignment, reducing fabrication complexity, and 

improving overall system stability. The symmetry also ensures that the forward and backward 

channels exhibit identical optical characteristics, enabling consistent behavior during inference. 

The analysis demonstrated that the Sym-SPBOCNN maintains the fundamental advantages of 

SPBOCNNs, including ultrafast reconfigurability enabled by SPLMs with integrated EP memory. The 

SPLM architecture supports nanosecond-scale weight updates and high-bandwidth modulation, 

allowing real-time kernel refresh rates suitable for multilayer CNN processing. Moreover, the 

interlaced placement of SPLMs and photodetectors allows for a compact bidirectional layout while 

reducing the number of optical components needed for backward propagation. This architectural 

simplification significantly lowers cost and manufacturing barriers relative to earlier bidirectional 

SPBOCNN designs. 

Scalability analysis showed that the Sym-SPBOCNN can practically support kernel sizes up to 

46×46 under typical lens-array constraints, which is sufficient for a broad range of CNN operations. 

Although this kernel size is smaller than the theoretical limit of SOCNN architectures, the reduction 

stems from the interlaced bidirectional pixel arrangement. Nevertheless, the proposed architecture 

remains fully compatible with clustering and software-based scaling methods, allowing flexible 

expansion to substantially larger computational workloads. 

Performance estimates indicate that the Sym-SPBOCNN is capable of extremely high 

throughput, exceeding 4.1×1014 MAC/s with a single layer of 4K-resolution SPLMs and surpassing 

4.1×1015 MAC/s when ten layers operate in a pipelined configuration. Because kernel updates can be 

executed concurrently with ongoing optoelectronic processing, these throughput figures can be 

sustained without additional delay, making the architecture well suited for real-time optical AI 

workloads. 

Overall, the Sym-SPBOCNN provides a simplified yet powerful bidirectional optical computing 

framework that bridges optical parallelism with electronic adaptability. Its compatibility with CMOS 

backplanes, VCSEL arrays, and 3-D packaging methodologies suggests strong potential for future 

hardware realization. Continued research will focus on experimental prototyping, integration with 
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crossbar-based reconfiguration networks, and joint algorithm–hardware co-optimization to fully 

exploit the capabilities of symmetrical optical neural processors. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

CNN Convolutional neural network 

OCNN Optical convolutional neural network 

SLM Spatial light modulator 

SOCNN Scalable Optical CNN 

SPOCNN  Smart-pixel-based optical convolutional neural network 

SPLM Smart pixel light modulator 

EP Electronic processor 

LED Light-emitting diode 

SPBOCNN Smart-pixel-based bidirectional optical convolutional neural network 

Sym-SPBOCNN Symmetrical Smart-Pixel-Based Bidirectional Optical CNN 

LCOE Linear combination optical engine 

LD Laser diode 

PD Photo diode 

TML-SPBOCNN Two-mirror-like SPBOCNN 

VCSEL Vertical-cavity surface-emitting laser 

MAC Multiply-And-Accumulate 

SPONN Smart-pixel-based optical neural network 
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