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The stringent latency and throughput requirements of sixth-generation (6G) networks 

necessitate revolutionary signal processing paradigms. Photonic artificial intelligence 

accelerators offer a transformative solution by leveraging the inherent parallelism and 

bandwidth of optical systems. This work investigates the integration of photonic computing 

architectures with AI algorithms for wireless signal processing, including beamforming, 

channel estimation, modulation recognition, and resource allocation. The proposed 

architecture employs wavelength-division multiplexing and spatial light modulation to 

achieve massive parallelization of matrix-vector operations fundamental to deep learning 

inference. Experimental validation on fabricated 128 × 128 MZI mesh prototypes 

demonstrates 89.3% manufacturing yield across 25 chips. Performance analysis reveals sub-

microsecond latency and throughput improvements up to three orders of magnitude over 

electronic accelerators. Extended evaluation under 3GPP TR 38.901 channel models, 

including high-mobility scenarios (500 km/h) and multi-user configurations (K = 16), 

confirms sustained performance advantages. These results position photonic AI accelerators 

as an enabling technology for real-time physical layer processing in future 6G networks. 
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1. INTRODUCTION

The telecommunications landscape stands at the precipice 

of a transformative era with the anticipated deployment of 

sixth-generation (6G) wireless networks by 2030. These 

systems promise to surpass current 5G capabilities by 

delivering peak data rates exceeding one terabit per second 

(Tbps), end-to-end latency below 100 µs, and connection 

densities exceeding 10⁷ devices per square kilometer [1]. 

Beyond quantitative improvements, 6G envisions qualitative 

paradigm shifts, including holographic communications, 

digital twin synchronization, and seamless integration of 

terrestrial and non-terrestrial networks [2]. Such ambitious 

objectives necessitate revolutionary physical layer signal 

processing approaches that transcend conventional electronic 

system constraints.  

The exponential growth in computational complexity stems 

from multiple convergent technological trends. Ultra-massive 

multiple-input multiple-output (MIMO) systems, employing 

256–1024 antenna elements at base stations, generate channel 

state information matrices requiring real-time processing of 

millions of complex-valued coefficients [3]. Exploitation of 

the terahertz frequency band (0.1–10 THz) introduces severe 

multipath fading and molecular absorption effects, demanding 

sophisticated beamforming algorithms executed at 

nanosecond timescales [4]. Furthermore, intelligent 

reconfigurable surfaces (IRS) with hundreds of passive 

elements create three-dimensional electromagnetic 

environments, where joint optimization yields combinatorial 

complexity scaling as 𝑂(𝑁³𝑀²) , where 𝑁  represents the 

number of antenna elements and M denotes the number of IRS 

elements [5]. Contemporary digital signal processors, 

constrained by clock frequencies plateauing near 5 GHz and 

memory bandwidth limitations of approximately 1 TB/s, prove 

inadequate to meet these computational demands. 

Traditional electronic architectures face significant physical 

barriers. The von Neumann architecture incurs substantial 

energy expenditure and latency penalties from continuous data 

movement across limited-bandwidth interconnects. Modern 

ASICs for wireless baseband processing consume 10–50 W 

per gigabit per second, yielding system-level power budgets of 

kilowatts for multi-gigabit channels [6]. Dennard scaling has 

terminated, and Moore's Law approaches physical limits as 

transistor dimensions reach atomic scales where quantum 

tunneling dominates. Clock frequency scaling has stagnated 

near 5 GHz due to thermal constraints, forcing reliance on 

parallelization strategies that exhibit diminishing returns for 

sequential signal processing tasks.  
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The scope of this work focuses specifically on neural 

network inference tasks at the physical layer where photonic 

acceleration provides maximum computational benefit. Target 

applications include beamforming weight computation, 

channel estimation, modulation classification, and resource 

allocation optimization (functions collectively accounting for 

60–75% of physical layer computational load in massive 

MIMO configurations). Sequential control-flow operations, 

forward error correction coding, and protocol stack processing 

remain better suited to specialized electronic implementations 

and fall outside the present scope. This focused approach 

enables rigorous validation of photonic advantages for 

inference-dominated workloads while acknowledging the 

complementary role of electronic processing for sequential 

operations. 

As illustrated in Figure 1, the evolution from 5G to 6G 

introduces exponential computational complexity that digital 

signal processing can no longer handle efficiently, motivating 

the paradigm shift toward photonic computing architectures 

such as Wavelength-multiplexed Coherent Photonic Optical 

Neural Networks (WC-PONN). 

 

 
 

Figure 1. Photonic computing paradigm shift for 6G wireless 

networks 

 

Artificial intelligence, particularly deep learning, has 

become a critical enabler for intelligent wireless systems, 

facilitating cognitive spectrum management, predictive 

channel estimation, and autonomous network optimization [7]. 

Convolutional neural networks achieve 95% accuracy in 

modulation classification under low signal-to-noise ratios, 

while recurrent architectures enable temporal channel 

prediction essential for proactive beamforming. However, 

leading models comprise millions to billions of parameters, 

requiring 10⁹ to 10¹² multiply-accumulate operations per 

inference [8]. Executing these computations within 

microsecond latency budgets mandated by 6G physical layer 

operations remains highly challenging with existing electronic 

AI accelerators.  

Graphics processing units exhibit inference latencies 

ranging from milliseconds to tens of milliseconds, far 

exceeding 6G requirements [9]. Specialized accelerators 

achieve improved throughput through systolic arrays and 

reduced-precision arithmetic, yet still consume 75–250 W 

with batch inference latencies in hundreds of microseconds. 

The energy-per-operation for advanced 5-nanometer CMOS 

technology resides near one picojoule per multiply-

accumulate, establishing a lower bound. Memory bandwidth 

constraints exacerbate performance bottlenecks, as high-

bandwidth memory interfaces peak at approximately 2 TB/s 

while advanced neural networks demand effective bandwidths 

exceeding 10 TB/s [4]. This energy-latency-bandwidth 

trilemma intensifies as network densification progresses, 

necessitating power efficiency improvements of nearly three 

orders of magnitude.  

Photonic computing offers a disruptive solution, exploiting 

intrinsic properties of electromagnetic wave propagation in 

optical waveguides. Optical signals propagate at 

approximately 0.87 × 10⁸ 𝑚/𝑠 in silicon waveguides (c/neff, 

where neff ≈ 3.45 for typical silicon-on-insulator waveguides 

at 1550 nm), allowing signal transit across centimeter-scale 

chips in tens of picoseconds compared to nanoseconds for 

electronic interconnects [10]. Wavelength-division 

multiplexing (WDM) facilitates massive parallelism, with 

contemporary systems supporting 100+ wavelength channels, 

each capable of independent modulation at tens of gigahertz. 

Energy consumption in photonic circuits predominantly arises 

from static losses rather than dynamic switching, differing 

fundamentally from CMOS, where capacitive charging 

dominates.  

Recent demonstrations report energy efficiencies of 50–100 

femtojoules per operation for optical matrix-vector 

multiplication, representing potential improvements of two to 

three orders of magnitude over electronic counterparts under 

specific operating conditions [11]. However, these figures 

represent best-case scenarios for matrix operations, and 

system-level energy consumption (including electronic 

interfaces, thermal control, and photodetection) must be 

considered for comprehensive comparison.  

Silicon photonics maturation has catalyzed the practical 

realization of integrated optical neural networks. CMOS-

compatible fabrication enables monolithic integration of 

thousands of photonic components on chips with footprints 

below 100 𝑚𝑚²  [12]. Mach-Zehnder interferometer (MZI) 

meshes implement arbitrary unitary matrix transformations 

through cascaded programmable beam splitters, achieving 8-

bit equivalent precision for 100 × 100 matrices. Microring 

resonator arrays enable wavelength-selective operations with 

quality factors exceeding 10⁶, facilitating ultra-compact filter 

banks. Silicon-organic hybrid modulators achieve electro-

optic bandwidths surpassing 100 GHz with sub-volt drive 

requirements, providing efficient electronic-optical 

interfacing [12].  

Coherent optical architectures leverage light's wave nature 

to perform complex-valued arithmetic operations intrinsic to 

wireless signal processing [13]. Electromagnetic field 

amplitudes and phases naturally represent in-phase and 

quadrature signal components, eliminating conversion 

overhead. Optical interference implements weighted 

summations with coefficients encoded in relative phases and 

amplitudes, executing matrix-vector products at propagation 

speed without clock cycles. Free-space optical systems 

utilizing spatial light modulators enable two-dimensional 

parallelism with megapixel-scale resolution, facilitating 

simultaneous massive MIMO spatial channel processing.  

The synergy between photonic AI accelerators and wireless 

signal processing presents transformative opportunities for 6G 

systems [14]. Beamforming optimization benefits from optical 

parallelism, enabling simultaneous evaluation of thousands of 

beam directions. Channel estimation requires large covariance 

matrix operations, naturally implemented through optical 

interferometric networks. Multi-wavelength architectures 

facilitate space-wavelength multiplexing, where each 

wavelength processes signals from antenna element subsets, 

achieving throughput scaling linear with wavelength count [5]. 
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Photonic systems exhibit inherent electromagnetic 

interference immunity, critical for dense deployment scenarios 

[15]. Integration with radio-over-fiber systems enables 

centralized processing of distributed antenna arrays, reducing 

fronthaul bandwidth requirements.  

Despite these compelling advantages, significant challenges 

persist. Fabrication imperfections induce weight uncertainties, 

degrading neural network inference accuracy by 5–15% 

compared to ideal designs [16]. Nonlinear activation function 

implementation remains challenging, with approaches 

including saturable absorbers exhibiting limited dynamic 

range and hybrid architectures incurring latency penalties [17]. 

The interface between ultra-fast optical processors and 

electronic control systems introduces critical design 

considerations. While optical computation occurs at 

picosecond-nanosecond timescales, electronic phase shifter 

configuration requires microseconds to milliseconds, creating 

a speed mismatch that necessitates careful system partitioning. 

Co-design methodologies optimizing across optical, electrical, 

and algorithmic domains are essential [18].  

This paper presents a comprehensive investigation of 

photonic AI accelerators specifically designed for ultra-fast 

wireless signal processing in 6G networks. The scope is 

explicitly defined as physical layer neural network inference 

operations, which represent the computational bottleneck in 

6G systems. Error correction coding, OFDM processing, and 

protocol stack integration remain outside the current scope as 

these operations have different computational characteristics 

better suited to specialized electronic implementations. 

Principal contributions include: 

(1) A novel photonic neural network architecture exploiting 

WDM parallelism for massive MIMO beamforming and 

channel estimation, with theoretical analysis demonstrating 

𝑂(𝑁)  latency scaling versus 𝑂(𝑁²)  for electronic 

implementations. 

(2) Rigorous performance modeling establishing 

fundamental bounds, revealing three orders of magnitude 

improvement in energy-latency product compared to cutting-

edge electronic AI accelerators. 

(3) Experimental validation on fabricated silicon photonic 

integrated circuits demonstrating sub-nanosecond inference 

latency with 95.3% classification accuracy for 16-QAM 

modulation recognition and 0.92 normalized mean square 

error for channel estimation. 

(4) Systematic evaluation quantifying fabrication 

imperfections, thermal variations, and optical losses impact, 

proposing mitigation strategies including adaptive calibration 

algorithms. 

(5) Architectural guidelines informing practical deployment 

in 6G base stations and user equipment. 

 

The remainder of this paper is organized as follows. After 

this introduction, Section 2 reviews related work in 6G 

communications, electronic AI accelerators, and photonic 

computing fundamentals. Section 3 details the proposed 

photonic AI accelerator architecture. Section 4 examines 

wireless signal processing applications including 

beamforming, channel estimation, modulation classification, 

and resource allocation. Section 5 presents precision 

characterization and error budget analysis. Section 6 provides 

comprehensive performance analysis and experimental 

validation results. Finally, Section 7 concludes with a 

synthesis of key findings and implications for next-generation 

wireless systems. 

2. BACKGROUND AND RELATED WORK 

 
This section synthesizes research domains intersecting at 

photonic AI acceleration for wireless communications, 

encompassing 6G network evolution, electronic accelerator 

limitations, photonic computing principles, and optical neural 

network advances. 

 

2.1 6G network evolution and physical layer complexity 

 

The International Telecommunication Union has 

established the IMT-2030 framework [19], formally approved 

by the Radiocommunication Assembly (RA-23) in November 

2023, defining 15 capabilities for 6G technology including 

nine enhanced capabilities from existing 5G systems and six 

new capabilities targeting terabit-per-second peak rates with 

sub-millisecond latency. The framework identifies usage 

scenarios including immersive communication, hyper-reliable 

low-latency communication, and massive communication 

supporting expanded IoT deployments [20].  

The 3GPP has concluded that two releases are needed to 

specify 6G: Release 20 for studies starting June 2025, and 

Release 21 for normative specifications, with final 

specifications by 2030 [21]. Extensive surveys on 6G wireless 

systems [1] establish visions, requirements, key technologies, 

and testbeds driving the transition beyond 5G, while Tataria et 

al. [2] offer a detailed analysis of 6G challenges and 

opportunities.  

The computational challenges emerge most acutely in 

antenna array systems. As shown by Akyildiz et al. [3], ultra-

massive MIMO with 256–1024 elements enables aggressive 

spatial multiplexing, but channel state information matrices 

grow quadratically with antenna dimensions, while 

beamforming optimization scales cubically. The anticipated 

6G networks promise peak data rates exceeding 1 Tbps, end-

to-end latency below 100 microseconds, and connection 

densities surpassing 10⁷ devices per square kilometer [4]. 

Zhang et al. [6] deliver a thorough analysis of 6G wireless 

network architecture and key technologies.  

Emerging spectrum bands compound these challenges. In 

their review, Jiang et al. [22] examine terahertz 

communications for 6G, revealing severe constraints 

including atmospheric absorption exceeding hundreds of 

decibels per kilometer and sub-degree beamwidths 

necessitating precise alignment. Jornet et al. [23] discuss the 

evolution of THz hardware design and channel modeling for 

6G readiness. Wang et al. [24] introduce terahertz integrated 

sensing and mobile communications empowered by a 220-

GHz-band portable device.  

Intelligent reconfigurable surfaces present similar scaling 

obstacles. Research by Zhang et al. [25] offers an in-depth RIS 

survey spanning theory to deployment, documenting iterative 

algorithms requiring cubic complexity matrix operations. 

Sode et al. [26] report industry R&D perspectives on RIS for 

6G mobile networks, highlighting the urgent need for 

hardware architectures capable of processing signals 

exceeding contemporary digital processor capabilities. 

 

2.2 Electronic AI accelerators: Capabilities and 

fundamental limits 

 

Graphics processing units offer massive parallelism through 

thousands of cores with mature software ecosystems, yet 

memory bandwidth remains the primary bottleneck. Sze et al. 
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[27] deliver an extensive survey on efficient processing of 

deep neural networks, showing that contemporary accelerators 

achieve performance through architectural innovations while 

remaining constrained by von Neumann bottlenecks. 

Inference latency remains in the millisecond regime 

(incompatible with microsecond-scale physical layer 

requirements).  

Neuromorphic processors achieve exceptional energy 

efficiency for spike-sparse patterns. Orchard et al. [28] 

demonstrated that Loihi 2 neuromorphic processors achieve 

efficient signal processing through event-driven computation 

and sparse neural activity, enabling orders of magnitude 

improvements in energy consumption compared to 

conventional architectures. Davies et al. [29] describe Loihi as 

a neuromorphic manycore processor with on-chip learning, 

revealing orders of magnitude gains in efficiency for emerging 

workloads. However, a core mismatch with dense continuous-

valued wireless signals persists, with 2–5% accuracy 

degradation when converting conventional networks to 

spiking implementations.  

Alternative approaches offer partial solutions with 

significant trade-offs. Gao [30] show parameterized clipping 

activation for quantized neural networks, while Sharma et al. 

[31] introduce a Bit Fusion architecture for dynamically 

composable acceleration. These quantization studies reveal 

that precision below eight bits causes unacceptable 

degradation for channel estimation. Miller [32] defines 

essential energy efficiency analysis for attojoule 

optoelectronics, revealing thermodynamic limits motivating 

optical alternatives. 

 

2.3 Photonic computing: Physical foundations and 

technological maturation 

 

Silicon photonics has evolved from discrete components to 

monolithic integrated circuits supporting increasingly 

complex computational functions. Shastri et al. [8] offer a 

thorough review of photonics for artificial intelligence and 

neuromorphic computing, illustrating evolution from basic 

components to integrated neural network implementations. 

Miller's thermodynamic analysis [32] confirms that optical 

transmission achieves essential energy efficiency advantages 

for distances exceeding millimeters.  

Component-level advances reveal both capabilities and 

constraints. Winzer et al. [33] document fiber-optic 

transmission evolution, confirming wavelength multiplexing 

achieves aggregate throughputs approaching petabits per 

second with minimal additional energy. Bogaerts et al. [34] 

deliver an extensive treatment of programmable photonic 

circuits, comparing coherent interferometric versus incoherent 

broadcast-and-weight approaches.  

Programmable photonic architectures exhibit essential 

trade-offs. Clements et al. [16] derive optimal Mach-Zehnder 

interferometer meshes minimizing component count, but 

sensitivity to fabrication variations causes phase errors 

accumulating through cascaded stages. Tsakyridis et al. [10] 

examine photonic neural networks and optics-informed deep 

learning fundamentals. Fu et al. [11] offer a detailed review of 

optical neural network progress and challenges. 

 

2.4 Optical neural networks: Architectures and 

demonstrations 

 

Coherent nanophotonic circuits implementing multi-layer 

perceptrons through cascaded MZI meshes offer native 

complex-valued computation directly applicable to wireless 

signals. Shen et al. [18] validate deep learning with coherent 

nanophotonic circuits, defining foundational architectures. 

Bandyopadhyay et al. [14] confirm fully integrated coherent 

optical neural networks reaching 410 ps latency and > 92% 

accuracy through forward-only training.  

Recent breakthrough demonstrations validate photonic 

computing viability at scale. Xu et al. [15] report an 11 TOPS 

photonic convolutional accelerator for optical neural 

networks. Zhou et al. [12] introduce hundred-layer photonic 

deep learning, extending spatial depth from millimeter to 

hundred-meter scale. Bai et al. [13] verify TOPS-speed 

complex-valued convolutional accelerators directly 

addressing wireless signal processing requirements.  

Large-scale integration achievements confirm 

manufacturing viability. Xu et al. [35] describe the photonic 

chiplet Taichi empowering 160-TOPS/W artificial general 

intelligence. Hua et al. [36] report an integrated large-scale 

photonic accelerator with ultralow latency integrating >16,000 

photonic components on commercial 65-nm silicon photonics. 

Ahmed et al. [37] validate universal photonic artificial 

intelligence acceleration.  

Complete photonic neural architectures address remaining 

integration challenges. Yan et al. [38] describe a complete 

photonic integrated neuron for nonlinear all-optical 

computing. Ma et al. [9] verify quantum-limited stochastic 

optical neural networks reaching 98% accuracy at a few quanta 

per activation. Pai et al. [39] report experimentally realized in 

situ backpropagation for photonic neural networks.  

Integrated platforms continue advancing rapidly. Zhang et 

al. [40] examine integrated platforms for photonic neural 

networks. Feldmann et al. [41] show parallel convolutional 

processing using an integrated photonic tensor core. Cem et al. 

[17] address data-driven modeling of MZI-based optical 

matrix multipliers, offering calibration methodologies. 

 

2.5 Critical gaps in photonic neural networks for wireless 

applications 

 

Extensive reviews [42] reveal limited exploration of 

complex-valued processing essential for wireless 

communications, with demonstrations predominantly 

focusing on real-valued computer vision benchmarks. Xu et al. 

[42] examine intelligent photonics as disruptive technology, 

identifying key challenges including complex-valued 

arithmetic and real-time adaptation. Channel estimation and 

beamforming inherently operate on complex baseband signals, 

yet existing architectures lack native complex arithmetic 

support.  

Additional critical gaps persist across the literature. 

Physics-aware training methods based on wave physics as 

analog recurrent neural networks [43] face systematic 

simulation-hardware discrepancies. Williamson et al. [44] 

show reprogrammable electro-optic nonlinear activation 

functions but do not fully resolve training-inference gaps. Lin 

et al. [45] define all-optical machine learning using diffractive 

deep neural networks. Tait et al. [46] implement neuromorphic 

photonic networks using silicon photonic weight banks. 

Sludds et al. [47] describe delocalized photonic deep learning 

on the Internet's edge.  

The intersection of 6G requirements and photonic 

capabilities creates both opportunities and challenges. Singh et 

al. [48] address wavefront engineering for efficient terahertz 
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communications. Chaccour et al. [49] identify seven defining 

features of terahertz wireless systems. Liu et al. [50] define 

RIS principles and opportunities. These collective works 

confirm that essential architectural innovations are necessary 

to meet 6G performance targets.  

This work systematically addresses these gaps through: (1) 

photonic architecture with native complex-valued operation 

for wireless signal processing, (2) comprehensive latency 

modeling across all system components, (3) hybrid training 

combining offline electronic training with online photonic 

fine-tuning, (4) system-level integration framework with 

explicit interface specifications, and (5) extensive 

experimental evaluation using over-the-air captured 6G 

waveforms under realistic channel conditions. Table 1 

synthesizes the comparative analysis of state-of-the-art AI 

accelerators and photonic neural networks, systematically 

evaluating their suitability for 6G wireless signal processing 

applications.  

 

Table 1. Comparative analysis of reviewed works 

 
Study Focus Area Proposed Solution Key Advantages Limitations 

Shastri et al. [8] 

Neuromorphic 

photonic 

computing 

Comprehensive spike-

based optical 

processing principles 

- Broad principal coverage. 

- Application identification. 

- Limited heterogeneous integration 

guidance. 

- Lacks system partitioning 

framework. 

- No interface specification. 

Ma et al. [9] 
Quantum-limited 

optical NNs 

Stochastic ONNs at few 

quanta per activation 

- 98% accuracy demonstrated. 

- Physics-based probabilistic 

models. 

- Extreme efficiency. 

- High noise sensitivity. 

- Limited scalability. 

- Specialized applications. 

Zhou et al. [12] 
Deep photonic 

learning 

SLiM chip 100+ layer 

architecture 

- - Scalable depth (200+ layers). 

- - 3D chip clusters enabled. 

- Error rate constrained. 

- Manufacturing complexity. 

- Thermal management. 

- Integration challenges. 

Bandyopadhyay 

et al. [14] 

Single-chip 

photonic DNN 

Forward-only training 

on integrated chip 

- - 410 ps latency achieved. 

- - >92% accuracy. 

- Single-chip integration. 

- Limited network size (6 neurons). 

- Training constraints. 

- Scalability questions. 

Xu et al. [15] 
Photonic tensor 

cores 

WDM-integrated MZI 

networks with 2D 

parallelism 

- 11 TOPS Throughputs 

demonstrated. 

- Femtojoule energy efficiency. 

- Wavelength-spatial 

multiplexing. 

- SNR management complexity. 

- Limited demonstrated depth (3-5 

layers). 

- No complex-valued processing 

shown. 

Clements et al. 

[16] 

Universal 

multiport 

interferometers 

Optimal triangular MZI 

mesh architecture for 

unitary matrices 

- Mathematical optimality 

proof. 

- Minimized component count. 

- Systematic design 

methodology. 

- Fabrication variation sensitivity. 

- Extensive calibration required. 

- Quadratic element scaling. 

Shen et al. [18] 

Coherent 

photonic neural 

networks 

MZI mesh 

implementation of 

multi-layer perceptrons 

- Native complex-valued 

computation. 

- Direct wireless signal 

applicability. 

- Vowel recognition 

demonstrated. 

- Accuracy lags electronics. 

- Fabrication phase errors.  

- Limited analog precision (<8-bit). 

- Extensive calibration required. 

Sze et al. [27] 
DNN processing 

efficiency 

Systematic operation 

characterization 

- Comprehensive survey. 

- Cross-architecture 

comparison. 

- Optimization guidelines. 

- Performance heterogeneity. 

- No unified efficient solution. 

- Task-dependent efficiency. 

Orchard et al. 

[28] 

Neuromorphic 

computing 

(Loihi 2) 

1.15B neurons, 128B 

synapses, event-driven 

SNNs 

- Orders of magnitude 

efficiency. 

- Sub-microsecond latency. 

- 2,600W for billion neurons. 

- Mismatch with continuous signals. 

- 2-5% conversion accuracy loss. 

- Immature training methods. 

Davies et al. 

[29] 

Neuromorphic 

computing 

(Loihi) 

Asynchronous spiking 

neural networks with 

event-driven processing 

- Exceptional energy efficiency. 

- Sub-microsecond latency 

potential. 

- Bio-inspired architecture. 

- Mismatch with continuous signals. 

- Conversion accuracy loss (2-5%). 

- Immature training methods. 

Gao [30] 
Quantized neural 

networks 

Parameterized clipping 

activation 

- Systematic bit-width 

optimization. 

- Improved energy efficiency. 

- Layer-specific precision 

- Accuracy degradation below 8-bit. 

- Incompatible with high dynamic 

range. 

- Trade-offs for wireless signals. 

Sharma et al. 

[31] 

Mixed-precision 

acceleration 

Bit-fusion architecture 

supporting dynamic 

precision composition 

- Adaptive precision allocation. 

- Maintains accuracy while 

improving efficiency. 

- Increased hardware complexity. 

- Multiplexing overhead. 

- Software support challenges 

Miller [32] 
Attojoule 

optoelectronics 

Thermodynamic 

analysis of optical vs. 

electronic energy 

bounds 

- Rigorous physics-based 

analysis. 

- Fundamental efficiency 

advantages. 

- Distance-dependent benefits. 

- Benefits limited to specific distances. 

- Sub-millimeter favors electronics. 

- System partitioning complexity. 

Winzer et al. 

[33] 

Fiber-optic 

transmission 

Wavelength-

multiplexed systems 

- Demonstrated scalability. 

- Commercial deployment 

- Wavelength stabilization required. 

- Crosstalk at fine spacing. 

31



 

with WDM achieving petabit 

throughput 

proven. 

- Minimal incremental energy. 

- Nonlinear effects limit channels. 

Bogaerts et al. 

[34] 

Programmable 

photonic circuits 

Survey of coherent and 

incoherent architectures 

- Comprehensive architecture 

comparison. 

- Multi-dimensional trade-off 

analysis 

- Coherent: phase stability required. 

- Incoherent: power budget limits. 

- No universally optimal approach. 

Xu et al. [35] 
Taichi photonic 

chiplet 

160-TOPS/W large-

scale photonic AGI 

- Record energy efficiency. 

- Large-scale integration. 

- AGI capability demonstrated 

- Manufacturing yield concerns. 

- Thermal stability. 

- Cost considerations. 

Hua et al. [36] 

Large-scale 

photonic 

accelerator 

➢ 16,000 

components with 

ultralow latency 

- Commercial 65nm SiPh. 

- CMOS co-integration. 

- Ultralow latency. 

- Complex packaging. 

- High development cost. 

- Yield optimization needed. 

Feldmann et al. 

[41] 

Photonic 

convolutional 

networks 

Wavelength-

multiplexed parallel 

processing with 

integrated tensor core 

- Femtojoule-per-operation 

efficiency. 

- 1000× improvement over 

GPUs. 

- MNIST classification success. 

- Small network dimensions (8×8). 

- Complex dataset degradation. 

- No reconfigurable activations. 

- Absent online learning. 

Hughes et al. 

[43] 

Physics-aware 

training 

Wave propagation as 

differentiable 

operations 

- Gradient-based optimization 

enabled. 

- Theoretical in-situ framework. 

- Computationally expensive adjoint 

methods. 

- Non-differentiable components. 

- Simulation-hardware mismatch. 

Williamson et 

al. [44] 

Reprogrammable 

nonlinear 

activations 

Electro-optic activation 

function 

reconfigurability 

- Diverse activation shapes. 

- Electronic programmability. 

- Flexibility demonstrated. 

- Synthetic dataset evaluation only. 

- No realistic wireless signal testing 

- Missing impairment characterization. 

Lin et al. [45] 
Diffractive deep 

neural networks 

Passive phase masks 

with free-space 

propagation 

- Exceptional energy 

(attojoule/op). 

- Ultra-low latency (single-

pass). 

- Speed-of-light computation. 

- Task-specific fabrication only. 

- No reconfigurability. 

- Severely restricted input dimensions. 

- Limited complex task accuracy. 

Tait et al. [46] 

Neuromorphic 

photonic 

networks 

Silicon photonic weight 

banks with microring 

weighting 

- RF bandwidth operation. 

- Direct microwave processing.  

- Classification demonstrated. 

- Fundamental power budget limits. 

- Amplification noise accumulation. 

- Small network size (<10 neurons). 

- 5-10% accuracy lag. 

 

 

3. PHOTONIC AI ACCELERATOR ARCHITECTURE 
 

This section presents the detailed architectural design of the 

proposed Wavelength-multiplexed Coherent Photonic Optical 

Neural Networks (WC-PONN) specifically optimized for 

ultra-fast wireless signal processing in 6G networks. The 

architecture integrates wavelength-division multiplexing, 

programmable interferometric networks, and hybrid photonic-

electronic interfaces, achieving sub-microsecond inference 

latency with native complex-valued processing capabilities. 

Table 2 summarizes the notation used throughout this paper. 

 

3.1 System architecture overview 

 

The proposed WC-PONN architecture employs a 

hierarchical design paradigm strategically partitioning 

computational tasks across optical and electronic domains 

according to latency sensitivities, precision requirements, and 

computational intensity. Figure 2 illustrates the complete 

system architecture comprising five primary subsystems: 

radio-frequency frontend interface, optical mapping layer, 

wavelength-multiplexed photonic tensor core, nonlinear 

activation module, and electronic readout and control system. 

The architecture integrates five primary subsystems: (1) RF 

frontend interface for ADC I/Q signal acquisition, (2) optical 

mapping layer performing vector-to-wavelength conversion 

across 32 channels, (3) photonic tensor core executing 

complex-valued matrix operations through cascaded MZI 

meshes, (4) nonlinear activation module with wavelength-

parallel detection, and (5) electronic control system managing 

weight programming and adaptation. Supporting subsystems 

include thermal management (T = 25 ± 0.5 ℃), optical clock 

distribution (Jitter < 100 fs), and online adaptation algorithms. 

Total latency: < 500 ns for 128-dimensional vectors.  

 

 
 

Figure 2. Wavelength-multiplexed Coherent Photonic Optical Neural Networks (WC-PONN) photonic AI accelerator for 6G 
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Table 2. Unified mathematical notation and symbol definitions  

 
Symbol Description Units/Range 

Nₜ Number of transmit antenna elements 64–1024 
Nᵣ Number of receive antenna elements 1–256 
K Number of simultaneous users 1–64 
M Number of wavelength channels 8–32 
λₖ Wavelength of k-th optical channel nm 
Δλ Wavelength channel spacing nm (typ. 0.4) 
W Precoding/weight matrix ℂ^(Nₜ×K) 
H Channel state information matrix ℂ^(Nᵣ×Nₜ) 

U, V Unitary matrices from SVD decomposition ℂ^(N×N) 
Σ Diagonal singular value matrix ℝ^(N×M) 
θₛ MZI internal phase shift rad [0, 2π] 

φ₁, φ₂ MZI external phase parameters rad [0, 2π] 
R Photodetector responsivity A/W (typ. 0.8–1.0) 
η Coupling efficiency dimensionless (typ. 0.85) 
Q Resonator quality factor dimensionless (≥ 50,000) 
T Operating temperature ℃ (typ. 25 ± 0.5) 

dn/dT Thermo-optic coefficient K⁻¹ (1.86 × 10⁻⁴ for Si) 

 

The system implements a dataflow pipeline where wireless 

signals traverse successive processing stages with minimal 

buffering. Input baseband 𝐼/𝑄 components from gigasample-

per-second ADCs undergo direct RF-to-optical conversion 

through high-bandwidth Mach-Zehnder modulators, 

circumventing intermediate digital processing that introduces 

latency. The optical mapping layer distributes 𝑁𝑖𝑛  input 

features across 𝑁λ wavelength channels, where each channel 

λk  carries 𝑀𝑘  features with ∑ 𝑀 = 𝑁𝑖𝑛𝑘 . This wavelength-

interleaved representation achieves > 10 𝐺𝑏𝑝𝑠/𝐺𝐻𝑧 spectral 

efficiency while maintaining > 30 𝑑𝐵 inter-channel isolation 

through careful spacing and shaping. 

The photonic tensor core executes matrix-vector 

multiplication through cascaded MZI meshes programmed for 

complex-valued linear transformations. Unlike electronic 

realizations that require explicit multiply-accumulate units and 

consume clock cycles, optical computation occurs during 

waveguide propagation at light speed, yielding 𝑂(1) latency 

independent of matrix dimension. The nonlinear activation 

module employs hybrid opto-electronic processing with 

wavelength-parallel photodetection, electronic activation 

execution, and subsequent optical remodulation, balancing 

flexibility, efficiency, and latency. The electronic control 

system performs high-speed photodetection, analog-to-digital 

conversion, and phase shifter programming through closed-

loop feedback, maintaining stability and supporting online 

weight adaptation. 
 

3.2 Wavelength-division multiplexing architecture for 

massive multiple-input multiple-output 

 

The WDM architecture exploits spectral parallelism to 

process massive MIMO spatial channels simultaneously, 

enabling truly parallel computation at light speed. The system 

allocates M = 32 wavelength channels spanning the C-band 

spectrum (1530–1565 nm) with Δλ  = 0.4  𝑛𝑚  (~50 GHz) 

spacing. Each wavelength processes K antenna elements, 

yielding M×K total capacity. For 512-antenna massive MIMO 

systems, each of the 32 channels handles 16 antennas, enabling 

parallel processing with > 5 Tbps aggregate throughput. 

The wavelength assignment employs correlation-aware 

allocation, minimizing intra-wavelength channel correlation 

through optimization: 

 

min
𝐴

∑ ∑ ∑ 𝜌(ℎ𝐴(𝑚,𝑘), ℎ𝐴(𝑚,𝑗))𝐾
𝑗=𝑘+1

𝐾
𝑘=1

𝑀
𝑚=1   (1) 

where, 𝐴(𝑚, 𝑘) denotes antenna index assignment to position 

𝑘 in wavelength channel 𝑚, ℎ𝑖 represents channel vector for 

antenna 𝑖 , and 𝜌(·,·)  measures correlation. The greedy 

hierarchical clustering algorithm yields near-optimal solutions 

with 𝑂(𝑁 𝑙𝑜𝑔 𝑁) complexity. 

Optical wavelength multiplexing combines individual 

channels through a balanced binary tree combiner topology, 

minimizing insertion loss and path length differences. For 𝑀 

channels, the tree requires 𝑙𝑜𝑔₂(𝑀)  combining stages with 

~0.3 𝑑𝐵 per-stage loss, resulting in < 2 dB total insertion loss 

for 𝑀 ≤ 32 . Wavelength demultiplexing employs arrayed 

waveguide gratings with 𝑁𝑎𝑟𝑚 = 64 arrayed waveguides and 

𝛥𝐿 =25 μm differential path length, achieving FSR=3200 GHz 

(25.6 nm), accommodating 32 channels with 100 GHz 

spacing. The flat-top response provides ± 20 GHz wavelength 

tolerance while maintaining a crosstalk level of < −35 dB. 

Inter-channel crosstalk mitigation employs three 

complementary strategies ensuring reliable parallel operation. 

First, improved ring resonator design achieving quality factors 

Q > 50,000 provides enhanced wavelength selectivity with 3-

dB bandwidths below 40 pm. Second, wavelength pre-

distortion compensates inter-channel interference through 

digital pre-emphasis applied during optical encoding. Third, 

adaptive digital post-compensation employs least-squares 

estimation of crosstalk matrices with real-time correction. 

Experimental validation demonstrates that these techniques 

reduce effective crosstalk impact to equivalent SNR penalty 

below 0.3 dB, enabling reliable 32-channel parallel operation. 

 

3.3 Coherent optical matrix-vector multiplication 

 

The core computational primitive executes complex-valued 

matrix-vector multiplication 𝑦 =  𝑊𝑥 operating directly in the 

optical domain, where 𝑊 𝜖 ℂ𝑁∗𝑀  represents the weight 

matrix, 𝑥  𝜖 ℂ𝑀  denotes input vector, and 𝑦 𝜖 ℂ𝑁  contains 

output activations. The implementation exploits coherent 

optical processing where both amplitude and phase encode 

complex values, enabling native complex arithmetic.  

The native complex-valued processing capability requires 

qualification regarding practical implementation scope. 

Operations leveraging native complex processing include 

matrix-vector multiplication and phase-encoded interference, 

collectively representing 70% of computational load. 

Operations requiring decomposition into separate real and 

imaginary components include certain nonlinear activations 
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and normalization operations, representing approximately 

30% of operations. This decomposition reduces the theoretical 

2× complex-valued advantage to an effective 1.7× benefit for 

complete inference pipelines, which remains significant for 

the target applications. 

 

3.3.1 Unitary matrix implementation 

Any complex weight matrix W decomposes through 

singular value decomposition 𝑊 =  𝑈 ∑ 𝑉†.  For unitary 

photonic hardware implementation, the architecture employs 

redundant mapping mapping 𝑊 to extended unitary matrix: 

 

Ũ=[
𝑈 ∑ 𝑉† √𝐼 − 𝑊𝑊†

√𝐼 − 𝑊†𝑊 −𝑉 ∑ 𝑈†
] (2) 

 

This 2𝑁 × 2𝑀  dimensional unitary transformation 

preserves desired computation 𝑊𝑥  in first 𝑁  output 

dimensions while maintaining unitarity: 

 

{
Ũ†Ũ = 𝐼2𝑀  

ŨŨ† = 𝐼2𝑁

 (3) 

 

3.3.2 Triangular Mach-Zehnder interferometer mesh 

architecture 

The unitary matrix implementation employs triangular 

Mach-Zehnder interferometer mesh based on Clements 

decomposition. For 𝑁 × 𝑁  unitary matrix, the architecture 

requires 𝑇(𝑁)  =  𝑁(𝑁 − 1)/2  tunable MZI elements 

arranged in alternating diagonal layers ensuring symmetric 

optical path lengths. Each MZI implements 2 × 2  unitary 

transformation according to the standard Clements 

formulation: 

 

𝑇𝑀𝑍𝐼 = 𝑒𝑖𝜃𝑒𝑥𝑡 [
𝑒𝑖𝜑1cos (𝜃𝑠) −𝑒𝑖𝜑2sin (𝜃𝑠)

𝑒𝑖𝜑2sin (𝜃𝑠) 𝑒𝑖𝜑1cos (𝜃𝑠)
] (4) 

 

Here 𝜃𝑠 = 𝜋/4 for symmetric beam splitters and three 

phase parameters (𝜃𝑒𝑥𝑡 , 𝜑₁, 𝜑₂) provide sufficient degrees of 

freedom for arbitrary 2 × 2  unitary matrices. Physical 

realization employs thermo-optic phase shifters using titanium 

nitride microheaters, achieving > 2𝜋  tuning with 10 −
30 𝑚𝑊  power per 𝜋  shift. The complete 𝑁 × 𝑁 

transformation cascades 𝑇(𝑁) elements with alternating layer 

structure ensuring each optical path traverses exactly 𝑁 − 1 

interferometers, maintaining balanced insertion loss. 

 

3.3.3 Phase error compensation 

Fabrication variations introduce systematic deviations from 

ideal MZI characteristics. The architecture incorporates phase 

error compensation through the use of additional 

programmable phase shifters at strategic mesh locations. The 

compensation scheme models actual device responses as 

perturbed ideal transformations: 

 

𝑇̂𝑀𝑍𝐼 = 𝑇𝑀𝑍𝐼(𝜃 + 𝛿𝜃, ∅1 + 𝛿∅1,∅2 + 𝛿∅2). 𝐷(ε) (5) 

 

where, 𝛿𝜃, 𝛿𝜑₁, 𝛿𝜑₂  represent fabrication-induced phase 

errors and 𝐷(𝜀) denotes diagonal error matrix accounting for 

waveguide propagation differences. The compensation 

algorithm measures actual transformation matrices through 

test pattern injection, computes error corrections via least-

squares optimization, and programs compensating phases 

achieving 8-bit effective precision.  

For applications requiring higher dynamic range than the 

native 8-bit effective precision, hybrid precision architectures 

combine photonic coarse computation (8-bit) with lightweight 

electronic post-processing (16-bit). This approach achieves 

effective precision equivalent to 12–14 bits while maintaining 

photonic speed advantages, introducing only 50 ns additional 

latency for the electronic refinement stage. The hybrid 

architecture is particularly beneficial for channel estimation 

tasks where estimation accuracy directly impacts subsequent 

data detection performance. 

 

3.4 Complex-valued signal processing 

 

Wireless signals exhibit complex representation through in-

phase and quadrature components, conveying amplitude and 

phase information. The architecture implements three 

complementary complex-valued processing schemes 

optimized for different network layers and accuracy 

requirements: (1) Dual-Path Intensity Representation, (2) 

Coherent Phase Representation, and (3) Hybrid 

Representation Strategy. The dual-path approach achieves 7–

8 bit effective precision requiring four N×M meshes for N×M 

complex matrix multiplication. The coherent approach yields 

superior hardware efficiency, requiring a single N×M mesh 

but demanding femtoradian phase stability. 

 

3.5 Nonlinear activation implementation 

 

Nonlinear activation functions introduce essential 

expressivity, allowing deep networks to approximate arbitrary 

nonlinear mappings. The architecture implements activations 

through hybrid opto-electronic processing, striking a balance 

between flexibility, efficiency, and latency.  

The activation module employs wavelength-parallel 

photodetection with responsivities 𝑅 = 0.8 − 1.0 𝐴/𝑊  at 

1550 𝑛𝑚 achieving photocurrent.  

 

𝑖𝑝ℎ = 𝑅 ⋅ 𝑃𝑜𝑝𝑡 ⋅ 𝜂𝑐𝑜𝑢𝑝𝑙𝑖𝑛𝑔, where 𝜂𝑐𝑜𝑢𝑝𝑙𝑖𝑛𝑔 ≈ 0.85 (6) 

 

The complete detection-activation-remodulation pipeline 

achieves 20–50 ns latency per layer, enabling multi-layer 

network inference within sub-microsecond budgets. 

 

3.6 Adaptive weight programming and online training 
 

The photonic neural network requires precise weight 

programming mapping desired matrix elements to physical 

phase shifter settings while compensating for fabrication 

variations and environmental perturbations. The initial 

calibration protocol establishes correspondence between 

programmed phase voltages and realized optical 

transformations through a four-step procedure, completing 

calibration within 10–30 seconds for 128 × 128 matrices. 

Online weight adaptation tracks time-varying wireless 

channels without complete recalibration using gradient-free 

optimization through simultaneous perturbation stochastic 

approximation.  
 

∇𝑊𝐿 ≈
𝐿(𝑊 + 𝑐Δ𝑊) − 𝐿(𝑊 − 𝑐Δ𝑊)

2𝑐
⋅ Δ𝑊−1 (7) 

 

This approach requires only two forward passes per update 

independent of parameter count, achieving 100× 

computational efficiency versus backpropagation while 

converging within 50–200 iterations. Transfer learning 
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reduces online training overhead by 100–1000× while 

maintaining accuracy within 2% of fully retrained networks. 

 
3.7 System integration and timing analysis 

 

Complete system integration orchestrates photonic and 

electronic subsystems ensuring synchronized operation while 

meeting stringent latency requirements. The system 

implements a five-stage pipeline: Stage 1 (RF Input, 10 ns), 

Stage 2 (Optical Conversion, 15 ns), Stage 3 (Photonic 

Computation, 50 ns), Stage 4 (Activation, 30 ns per layer), and 

Stage 5 (Output, 20 ns). For a 3-layer network, total inference 

latency: 𝑇𝑡𝑜𝑡𝑎𝑙 = 185 𝑛𝑠 . Pipeline registers between stages 

enable throughput of ~20 million inferences per second.  

Temperature stabilization maintains T=25 ± 0.5 ℃ through 

integrated thermal management consuming 200–500 mW, a 

small fraction compared to the 5–10 W total system power 

dominated by electronic interfaces. This comprehensive 

architecture achieves sub-microsecond latency, native 

complex-valued processing, and online adaptability while 

maintaining energy efficiency within 100 femtojoules per 

operation. 
 

 

4. WIRELESS SIGNAL PROCESSING APPLICATIONS 

 

This section demonstrates the application of the proposed 

WC-PONN photonic AI accelerator to critical wireless signal 

processing tasks in 6G networks. Each application exploits the 

unique advantages of photonic computing (sub-microsecond 

latency, native complex-valued arithmetic, and massive 

wavelength parallelism) to achieve performance unachievable 

with conventional electronic realizations. The section presents 

specific neural network designs, optimization formulations, 

and performance analysis for beamforming, channel 

estimation, modulation classification, and resource allocation. 

 

4.1 Photonic neural network for massive multiple-input 

multiple-output beamforming 

 

Massive MIMO beamforming constitutes the most 

computationally intensive operation in 6G physical layer 

processing, requiring real-time optimization of precoding 

matrices that map data streams to hundreds of antenna 

elements. The proposed photonic beamforming accelerator 

enables sub-microsecond precoder computation, facilitating 

adaptation to fast-fading channels in high-mobility scenarios. 

 

4.1.1 Problem formulation 

Consider a massive MIMO downlink system with 𝑁ₜ 
transmit antennas serving K single-antenna users. The 

received signal at user k follows Eq. (8), where ℎₖ ∈
 ℂᴺᵗ represents the channel vector to user k, 𝑊 ∈  ℂᴺᵗˣᴷ 

denotes the precoding matrix, 𝑠 ∈  ℂᴷ  contains transmitted 

symbols, and nₖ represents additive white Gaussian noise.  
 

𝑦𝑘 = ℎ𝑘
𝐻𝑊𝑠 + 𝑛𝑘 (8) 

 

 
 

Figure 3. Photonic neural network architecture for massive multiple-input multiple-output (MIMO) beamforming 
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The beamforming optimization maximizes sum rate subject 

to power constraints (Eqs. (9) and (10)). This non-convex 

optimization traditionally requires iterative algorithms with 

complexity 𝑂(𝑘2𝑁𝑡
2) per iteration, prohibitive for real-time 

execution with 𝑁ₜ >  256 antennas. 

 

𝑚𝑎𝑥 
𝑊

∑ 𝑙𝑜𝑔 2(1 +
∣ℎ𝑘

𝐻𝑤𝑘∣2

∑ ∣ℎ𝑘
𝐻𝑤𝑗∣2+𝜎2

𝑗≠𝑘

)𝑁
𝑘=1   (9) 

 

Subject to: 

 

tr(WW𝐻) ≤ 𝑃total (10) 
 

4.1.2 Photonic neural network architecture 

The proposed framework replaces iterative optimization 

with single-pass neural network inference executing on 

photonic hardware. Figure 3 illustrates the network structure 

comprising three functional blocks: channel state encoding, 

beamforming weight computation, and power normalization. 

The design processes complex-valued channel state 

information through three stages: (a) Channel encoding layer 

mapping 𝐻 ∈  ℂᴺᵗˣᴷ to latent representation via wavelength-

multiplexed MZI meshes, (b) Beamforming computation 

layers executing learned optimization through cascaded 

complex-valued transformations, (c) Power normalization 

enforcing transmit power constraint through optical intensity 

control.  

Each layer exploits wavelength-parallelism; spatial 

channels are processed simultaneously. The inset shows a 

detailed MZI mesh configuration for complex-valued matrix 

multiplication with Nₜ = 256 antennas and K = 16 users. Total 

inference latency: 350 ns for the 256 × 16 system. 

The channel encoding layer accepts channel matrix 𝐻 =
[ℎ₁, ℎ₂, . . . , ℎ𝑘] ∈ ℂᴺᵗˣᴷ as input, where each channel vector ℎ𝑘 

is encoded on a separate wavelength channel 𝜆𝑘. The encoding 

employs dual-path intensity modulation representing in-phase 

and quadrature components (Eq. (11)), where 𝑈₁  ∈  ℂᴰˣᴺᵗ 
performs dimensionality reduction from 𝑁ₜ  antennas to 𝐷 

hidden units (typically 𝐷 =  64 − 128 ). The photonic 

realization deploys 𝑈₁ through an MZI mesh with 𝐷 × 𝑁ₜ 
tunable interferometers, completing matrix multiplication in a 

single optical propagation delay (~50 ns for centimeter-scale 

waveguides). 
 

𝑧𝑘 = 𝜙(𝑈1ℎ𝑘 + 𝑏1) (11) 

 

4.1.3 Training methodology 

The network trains offline using supervised learning on 

diverse channel realizations generated from statistical models 

or ray-tracing simulations. The training dataset (Eq. (12)) 

comprises 𝑁train  =  10⁶ − 10⁷ samples ensuring coverage of 

diverse propagation scenarios including line-of-sight, non-

line-of-sight, clustered scattering, and high-mobility Doppler 

spreads. 
 

𝒟 = {(H(𝑖), W∗(𝑖))}𝑖=1
𝑁train (12) 

 

Algorithm 1 details the offline training procedure. 

Online adaptation fine-tunes the network using limited pilot 

observations from actual deployment environments, 

employing few-shot learning techniques to minimize 

catastrophic forgetting (Eq. (13)). Transfer learning reduces 

online training overhead by 100–1000× while maintaining 

accuracy within 2% of fully retrained networks. 

ℒOnline = ℒPrediction + λ. ℒRegularization (13) 

 

Algorithm 1: Offline Training for Photonic Beamforming 

Network 

Inputs:  

1. Training dataset 𝐷 = {(𝐻(𝑖), 𝑊∗(𝑖))}𝑖=1
𝑁𝑇𝑟𝑎𝑖𝑛  

2. Network architecture parameters {𝑈ℓ, 𝑏ℓ)}ℓ=1
𝐿   

3. Learning rate schedule 𝛼(𝑡), batch size 𝐵 

Output: Trained network parameters {𝑈ℓ
∗, 𝑏ℓ

∗)}ℓ=1
𝐿   

1 Initialize parameters {𝑈ℓ, 𝑏ℓ)}ℓ=1
𝐿  randomly from 

Gaussian Distribution 

2 For 𝑒𝑝𝑜𝑐ℎ = 1 𝑡𝑜 𝑁𝑒𝑝𝑜𝑐ℎ𝑠 do 

3   Shuffle training dataset 𝐷 

4      For minibatch in D do 

                        // Forward pass 

5           For each {(𝐻(𝑖), 𝑊∗(𝑖))}𝑖=1
𝑁𝑇𝑟𝑎𝑖𝑛  in minibatch do 

6                 𝑊𝑝𝑟𝑒𝑑
(𝑗)

= Forward pass (𝐻(𝑗), {𝑈ℓ, 𝑏ℓ)}ℓ=1
𝐿 ) 

7                 𝑅(𝑗) = 𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑆𝑢𝑚 𝑅𝑎𝑡𝑒 (𝐻(𝑗), 𝑊𝑝𝑟𝑒𝑑
(𝑗)

) 

8                 𝐿(𝑗) = ∥ 𝑊𝑝𝑟𝑒𝑑
(𝑗)

− 𝑊∗(𝑗) ∥𝐹
2 . 𝑅(𝑗) 

9           End For 

10 // Backward pass and parameter update 

11           𝐿𝑏𝑎𝑡𝑐ℎ =
1

𝐵
∑ 𝐿(𝑗)𝐵

𝑗=1  

12      {∇Uℓ, ∇bℓ}ℓ=1
𝐿 = 𝐵𝑎𝑐𝑘𝑤𝑎𝑟𝑑 𝑃𝑎𝑠𝑠 (𝐿𝑏𝑎𝑡𝑐ℎ) 

13       {𝑈ℓ, 𝑏ℓ}ℓ=1
𝐿 ←  {𝑈ℓ, 𝑏ℓ}ℓ=1

𝐿 −α(t) {∇Uℓ, ∇bℓ}ℓ=1
𝐿  

14      End For 

15           // Validation and checkpointing 

16    𝐿𝑉𝑎𝑙 = 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑒 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 {𝑈ℓ, 𝑏ℓ}ℓ=1
𝐿   

17    If 𝐿𝑣𝑎𝑙 < 𝐿𝑏𝑒𝑠𝑡 then 

18         𝑆𝑎𝑣𝑒𝐶ℎ𝑒𝑐𝑘𝑝𝑜𝑖𝑛𝑡 ({𝑈ℓ, 𝑏ℓ} ) 

19         𝐿𝑏𝑒𝑠𝑡  ← 𝐿𝑣𝑎𝑙  

20    End if 

21 End For 

22 𝑅𝑒𝑡𝑢𝑟𝑛 𝐿𝑜𝑎𝑑𝐵𝑒𝑠𝑡𝐶ℎ𝑒𝑐𝑘𝑝𝑜𝑖𝑛𝑡() 

 

4.1.4 Performance analysis 

Figure 4 compares achievable sum rate versus signal-to-

noise ratio for the proposed photonic beamforming network, 

conventional zero-forcing precoding, and iterative weighted 

minimum mean square error (WMMSE) optimization serving 

as an upper bound. The photonic neural network achieves 

96.2% of optimal WMMSE performance across the 0–30 dB 

SNR range while reducing computational latency from 15 ms 

(WMMSE, 50 iterations) to 350 ns—a 43,000× speedup 

enabling beamformer updates at microsecond timescales 

matching or exceeding channel coherence times in high-

mobility scenarios (300 km/h vehicular communications at 30 

GHz yields coherence time ~500 μs). 
 

4.2 Deep learning channel estimation with photonic 

acceleration 
 

Channel estimation extracts channel state information from 

received pilot signals, constituting a critical bottleneck in 

massive MIMO systems where large antenna arrays generate 

high-dimensional channel matrices requiring evaluation 

within each coherence interval.  

The proposed deep unfolding framework maps iterative 

compressed sensing algorithms to neural network layers 

executable on photonic hardware. Figure 5 illustrates the 

network structure deploying learned approximate message 

passing (LAMP) through cascaded photonic-electronic 

processing stages.  
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Figure 4. Sum rate performance comparison for massive multiple-input multiple-output (MIMO) beamforming 

 

 
 

Figure 5. Photonic deep unfolding network for channel estimation 

 

The configuration unfolds T = 8 iterations into T processing 

layers, each executing: (a) linear assessment via complex-

valued matrix-vector multiplication on photonic MZI meshes, 

(b) learned nonlinear denoising through wavelength-parallel 

detection, and (c) residual computation through optical 

interference (Eq. (14)). Layer-wise latency: 200 ns per layer, 

yielding 1.6 μs total evaluation time. 

{

𝑟𝑡 = 𝑌 − 𝐻𝑡−1𝑋𝑝

𝑧𝑡 = 𝐻𝑡−1 + 𝑊𝑡𝑟𝑡

𝐻𝑡 = ηθt
(zt)

 (14) 

 

Temporal channel prediction augments the framework with 

recurrent processing, tracking temporal evolution (Eq. (15)). 

The photonic realization employs reservoir computing, where 
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a fixed random photonic network generates high-dimensional 

nonlinear projections.  

 

Ht
pred

= fLSTM(Ht−1
est , Ht−2

est , … , Ht−M
est ) (15) 

 

Algorithm 2 summarizes the adaptive assessment 

procedure. 

 

Algorithm 2: Online Adaptive Channel Estimation 

Inputs:  

1. Received pilots 𝑌, previous estimates {𝐻{t−k}}𝑘=1
𝑀  

2. Trained network parameters {𝑊ℓ, θℓ} 

3. Prediction confidence threshold τ 

 

Output: Current channel estimate 𝐻𝑡  

           // Temporal prediction 

1 𝐻𝑝𝑟𝑒𝑑 =  LSTMPredict{𝐻{t−k}}𝑘=1
𝑀  

2 σ𝑝𝑟𝑒𝑑 = stimatePredictionUncertainty 𝐻𝑝𝑟𝑒𝑑 

3 IF σ𝑝𝑟𝑒𝑑 <  𝜏 then  

         // High-confidence prediction, skip pilots  

4          𝐻𝑡 = 𝐻𝑝𝑟𝑒𝑑  

5          return 𝐻𝑡  

6 Else  

        // Low-confidence prediction, estimate from pilots  

7       𝑟0 = 𝑌 − 𝐻𝑝𝑟𝑒𝑑 . 𝑋𝑝 // Initialize with prediction  

8       𝐻0 = 𝐻𝑝𝑟𝑒𝑑 

9      For layer 𝑙 =  1 to 𝐿 do  

           // Photonic linear estimation  

10            𝑍𝑙 =  𝐻𝑙−1 + 𝑊𝑙 . 𝑟𝑙−1         // MZI mesh 

multiplication  

11            // Electronic denoising  

12            𝐻𝑙 = 𝐷𝑒𝑛𝑜𝑖𝑠𝑒(𝑍𝑙 , θℓ)  

13            // Residual computation  

14             𝑟1 = 𝑌 − 𝐻𝑙 . 𝑋𝑝 

15      End for  

16                𝐻𝑡 = 𝐻𝑙   

17                Return 𝐻𝑡   

18 End IF 

 

4.3 Optical convolutional network for modulation 

classification 
 

Automatic modulation classification identifies modulation 

schemes from received signals without prior knowledge, 

essential for cognitive radio and spectrum monitoring 

applications. The photonic realization operates directly on IQ 

constellation diagrams, exploiting optical parallel processing 

for real-time classification.  

The proposed framework processes IQ constellation 

diagrams through optical convolutional layers, extracting 

discriminative features. Figure 6 depicts the network structure 

mapping complex-valued signal samples to modulation class 

probabilities through four processing stages: constellation 

formation, optical convolution, wavelength-parallel feature 

extraction, and electronic classification head. The optical 

convolution achieves 10× speedup versus electronic 

counterparts through massively parallel spatial processing. 

Inference latency: 800 ns supporting 11 modulation classes. 

Table 3 summarizes classification accuracy across 

modulation types and SNR conditions. The photonic CNN 

achieves 89.6% average accuracy with 188× latency reduction 

versus electronic CNN while improving accuracy by 1.5%. 

 
 

Figure 6. Photonic convolutional neural network for 

modulation classification 

 

Table 3. Modulation classification accuracy comparison 

 
SNR 

(dB) 

Photonic 

CNN 

Electronic 

CNN 

Expert 

Features 

Latency 

(μs) 

-5 68.3% 64.2% 45.7% 0.8 / 150 / 5 

0 82.7% 79.8% 62.4% 0.8 / 150 / 5 

5 91.4% 90.1% 78.9% 0.8 / 150 / 5 

10 96.8% 96.2% 88.6% 0.8 / 150 / 5 

15 98.9% 98.7% 94.3% 0.8 / 150 / 5 

20 99.6% 99.5% 97.1% 0.8 / 150 / 5 

Average 89.6% 88.1% 77.8% 0.8 / 150 / 5 
Notes: Classification accuracy averaged over 11 modulation types: BPSK, 

QPSK, 8PSK, 16PSK, 16QAM, 32QAM, 64QAM, 128QAM, 256QAM, 
GMSK, OFDM. Test dataset: 10,000 samples per modulation type per SNR 

level. Channel: AWGN with carrier frequency offset ≤100 Hz and timing 

offset ≤5 samples. Latency columns show: Photonic CNN / Electronic CNN 
(GPU) / Expert features (CPU). Photonic CNN achieves 188× latency 

reduction versus electronic CNN while improving accuracy by 1.5% on 

average. 

 

4.4 Photonic optimization for dynamic resource allocation 

 

Resource allocation distributes limited wireless resources 

(power, bandwidth, time slots) across users maximizing 

system objectives subject to Quality-of-Service constraints. 

The photonic realization accelerates solution of large-scale 

non-convex optimization through learned primal-dual 

algorithms.  

The photonic framework deploys learned primal-dual 

optimization, unfolding T iterations of dual ascent into T 

neural network layers (Eqs. (16) and (17)).  

Primal update: 

 

p𝑡 = Π𝒫[p𝑡−1 − 𝛼𝑡∇p𝐿(p𝑡−1, 𝜆𝑡−1)] (16) 

 

Dual update: 

 

𝜆𝑡 = Π𝒟[𝜆𝑡−1 + 𝛽𝑡∇𝜆𝐿(p𝑡 , 𝜆𝑡−1)] (17) 

 

Algorithm 3 details the learned optimization procedure 

achieving near-optimal solutions within sub-microsecond 

latency (significant improvement over traditional iterative 

algorithms requiring 50–200 iterations with O(K³) complexity 

per iteration). 

 

38



 

Algorithm 3: Photonic Resource Allocation with Learned 

Optimization 

Inputs:  

1. Channel gains {ℎ𝑘} 

2. QoS requirements {𝑅𝑘
𝑚𝑖𝑛} 

3. Resource constraints 𝑃𝑡𝑜𝑡𝑎𝑙 , 𝐵𝑡𝑜𝑡𝑎𝑙  

4. User priorities {𝑤𝑘} 

Output: Optimal allocation (𝑝∗, 𝑏∗) 

           // Initialization 

1 𝑝0 ← (𝑃𝑡𝑜𝑡𝑎𝑙/𝑘). 1𝑘       // Uniform power allocation 

2 𝑏0  ← (𝐵𝑡𝑜𝑡𝑎𝑙/𝑘). 1𝑘          // Uniform bandwidth 

allocation 

3 𝜆0←0                             // Dual variables initialized to 

zero 

        // Iterative optimization (T layers) 

4 For t = 1 to T do 

               // --- Photonic gradient computation --- 

5 𝛻ₚ𝐿ₜ ←
 𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝑃𝑟𝑖𝑚𝑎𝑙𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡_𝑃ℎ𝑜𝑡𝑜𝑛𝑖𝑐 (𝑝ₜ₋₁, 𝜆ₜ₋₁, ℎ) 

6 𝛻𝜆𝐿ₜ ← 

𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝐷𝑢𝑎𝑙𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡_𝑃ℎ𝑜𝑡𝑜𝑛𝑖𝑐 (𝑝ₜ₋₁, 𝜆ₜ₋₁, 𝑏ₜ₋₁) 

               // --- Learned adaptive step sizes --- 

7 𝛼ₜ ←  𝐿𝑒𝑎𝑟𝑛𝑒𝑑𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒𝑃𝑟𝑖𝑚𝑎𝑙  (𝑡, 𝛻ₚ𝐿ₜ) 

8 𝛽ₜ ←  𝐿𝑒𝑎𝑟𝑛𝑒𝑑𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒𝐷𝑢𝑎𝑙  (𝑡, 𝛻𝜆𝐿ₜ ) 

               // --- Primal update (photonic operations) --- 

9 𝑝ₜᵗᵉᵐᵖ ←  𝑝ₜ₋₁ −  𝛼ₜ ·  𝛻ₚ𝐿ₜ 
10 𝑝ₜ ←  𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑃𝑟𝑖𝑚𝑎𝑙(𝑝ₜᵗᵉᵐᵖ, 𝑃_𝑡𝑜𝑡𝑎𝑙) 

                   // --- Dual update --- 

11 𝜆ₜᵗᵉᵐᵖ ←  𝜆ₜ₋₁ +  𝛽ₜ ·  𝛻𝜆𝐿ₜ 
12 𝜆ₜ ←  𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝐷𝑢𝑎𝑙 (𝜆ₜᵗᵉᵐᵖ) 

13                           // --- Optional early stopping --- 

14        If ||𝑝ₜ −  𝑝ₜ₋₁||  <  𝜀 then 

15                   break 

16        End If 

17 End for 

18 Return (𝑝ₜ, 𝑏ₜ) 
 

4.5 Convergence and stability analysis  

 

This section provides rigorous mathematical foundations 

for the training convergence guarantees and operational 

stability of photonic neural networks, addressing fundamental 

questions about optimization in analog computational 

substrates. 

 

4.5.1 Lipschitz continuity bounds 

The photonic neural network f(x; θ) exhibits bounded 

Lipschitz continuity essential for stable optimization. For the 

MZI-based architecture, each unitary transformation U(φ) 

satisfies ||U||₂ = 1 by construction, ensuring unit spectral norm. 

The complete network Lipschitz constant bounds as: (Eq. 

(18)). 
 

𝐿𝑓  ≤ ∏ ||𝑊ₗ||₂ ≤ 1 ∏ₗ 𝐿𝜎1
≤ 1. (1.0)𝐿 = 1 (18) 

 

where, 𝐿𝜎1
= 1.0  for the bounded electro-optic activation 

functions. This unit Lipschitz bound prevents gradient 

explosion during backpropagation and ensures training 

stability independent of network depth. 
 

4.5.2 Convergence rate analysis 

The SPSA-based training algorithm achieves 𝑂(1/√𝑇) 

convergence rate for non-convex loss landscapes 

characteristic of neural network optimization. For loss 

function ℒ(𝜃)  with L-smooth gradients, the expected 

convergence satisfies: 

 

𝐸[||𝛻ℒ(𝜃𝑇)||²] ≤ (ℒ(𝜃₀) − ℒ∗)/(𝑐 · √𝑇) + 𝑂(𝛿²) (19) 

 

where, 𝑐  depends on learning rate schedule, δ represents 

perturbation magnitude, and ℒ∗ denotes the global minimum. 

The perturbation-induced bias O(δ²) remains negligible for δ 

< 0.01 rad phase perturbations employed in practice. 

 

4.5.3 Lyapunov stability analysis 

Operational stability analysis employs Lyapunov function 

𝑉(𝜃)  =  ||𝜃 −  𝜃∗||²  measuring deviation from trained 

parameters. The photonic system dynamics under 

environmental perturbations satisfy: (Eq. (20)). 

 

𝑉(𝑡)/𝑑𝑡 ≤ −𝛼 · 𝑉 + 𝛽 · ||𝑤(𝑡)||² (20) 

 

where, α represents the restoring rate from thermal feedback 

control and 𝑤(𝑡)  captures external disturbances. For the 

implemented control system with 𝛼 =  0.1 𝑠⁻¹ and bounded 

disturbances ||w|| ≤ 𝑤𝑚𝑎𝑥, the system achieves input-to-state 

stability with ultimate bound 𝑉∞ ≤ (
β

𝛼
∗ 𝑤𝑚𝑎𝑥

2 ).  

Experimental validation over 10,000 coherence intervals 

confirms bounded parameter drift with standard deviation σθ 

< 0.02 rad, consistent with theoretical predictions. 

 

4.6 Precision characterization and error budget 

 

Comprehensive precision analysis quantifies the effective 

computational accuracy of the photonic accelerator, 

identifying dominant error sources and their impact on 

application-level performance. 

 

4.6.1 Noise source analysis 

Four primary noise sources contribute to computational 

precision limitations: 

(1) Shot noise from photodetection: Contributes 0.8 

effective bits of noise at 1 𝑚𝑊 optical power levels, following 

Poisson statistics with variance proportional to photocurrent. 

(2) Thermal drift in phase shifters: This introduces an 

uncertainty of 0.5 effective bits over a temperature stability 

range of ±0.5 °C, with a thermo-optic coefficient of 0.1 rad/°C. 

(3) Fabrication variations: Systematic phase errors from 

manufacturing tolerances contribute 0.3 effective bits, 

partially compensated through calibration. 

(4) ADC quantization: 10-bit ADC resolution contributes 

0.2 effective bits after analog-to-digital conversion. 

 

4.6.2 Effective number of bits characterization 

The aggregate effective number of bits (ENOB) measured 

through sinusoidal input testing yields: 

 

𝑁𝑂𝐵 = 8.2 ± 0.3 𝑏𝑖𝑡𝑠 (21) 

 

This precision level, while below 32-bit floating-point 

electronic systems, proves sufficient for the target inference 

applications where neural network quantization studies 

demonstrate minimal accuracy degradation above 6-bit 

precision. The complete error budget for the photonic 

computation is summarized in Table 4.
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Table 4. Error budget decomposition for photonic 

computation 

 

Error Source 
Contribution  

(bits) 
Mitigation Strategy 

Shot noise 0.8 Increased optical power 
Thermal drift 0.5 Active stabilization 
Fabrication 

variation 
0.3 

Post-fabrication 

calibration 
ADC quantization 0.2 Higher-resolution ADC 

Total ENOB 8.2 ± 0.3 
Hybrid precision 

architecture 

 
4.6.3 Application-specific impact analysis 

The 8-bit effective precision impacts different applications 

with varying severity: 

(1) Massive MIMO beamforming: 1.2% sum-rate 

degradation compared to full-precision optimal solutions, 

acceptable for real-time operation requirements. 

(2) Channel estimation: 0.8 dB NMSE increase versus 32-

bit implementations, within acceptable margins for subsequent 

detection stages. 

(3) Modulation classification: 1.5% accuracy reduction at 

low SNR conditions, negligible impact above 10 dB SNR. 

For applications requiring higher precision, the hybrid 

architecture combining 8-bit photonic coarse computation 

with 16-bit electronic refinement achieves effective 12–14 bit 

precision while maintaining sub-microsecond latency. 

 

4.7 Joint detection and equalization via photonic 

processing 
 

Signal detection and channel equalization jointly recover 

transmitted symbols from received signals distorted by 

frequency-selective fading. The photonic realization achieves 

near-maximum likelihood detection with orders-of-magnitude 

latency reduction compared to conventional Viterbi or BCJR 

algorithms.  

The proposed neural equalizer deploys learned iterative 

detection through a bidirectional recurrent network (Eq. (22)). 

The photonic realization employs reservoir computing where 

a fixed optical scattering network generates high-dimensional 

nonlinear representations.  
 

 {

𝑠𝑡
forward

= 𝑓RNN

forward
(𝑦, 𝑠𝑡−1

forward
, 𝐻)

𝑠𝑡
backward = 𝑓RNN

backward(𝑦, 𝑠𝑡−1
backward, 𝐻)

𝑠𝑡 = Combine(𝑠𝑡
forward

, 𝑠𝑡
backward)

 (22) 

 

Figure 7 illustrates the equalizer configuration exploiting a 

photonic reservoir comprising coupled microring resonators. 

System parameters: 𝐿 =  8 − 𝑡𝑎𝑝  channel, 𝑁𝑟𝑒𝑠 = 256 

reservoir nodes, processing rate: 10 Gsymbols/s, latency per 

symbol: 150 ps total. 

 

 
 

Figure 7. Photonic reservoir computing for joint detection and equalization 

 

4.8 Section summary 

 

This section has demonstrated the application of the WC-

PONN photonic AI accelerator across five critical wireless 

signal processing tasks: massive MIMO beamforming (350 ns 

latency, 96.2% of optimal), channel estimation (1.6 μs, deep 

unfolding), modulation classification (800 ns, 89.6% 

accuracy), resource allocation (sub-microsecond 

optimization), and joint detection/equalization (150 ps per 

symbol). New theoretical foundations establish convergence 

guarantees through Lipschitz bounds and Lyapunov stability 

analysis, while comprehensive precision characterization 

quantifies the 8.2-bit ENOB and its application-specific 

impacts.
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5. PERFORMANCE ANALYSIS AND 

EXPERIMENTAL VALIDATION 

 

This section presents a thorough performance analysis and 

experimental validation of the proposed WC-PONN photonic 

AI accelerator for 6G wireless signal processing. The analysis 

integrates theoretical performance bounds, numerical 

simulations across diverse operating conditions, and 

experimental measurements from fabricated silicon photonic 

prototypes. Performance metrics encompass computational 

latency, energy efficiency, throughput scaling, accuracy 

relative to optimal solutions, and robustness to environmental 

variations. 

 

5.1 Comprehensive performance metrics 

 
The photonic accelerator delivers transformative 

performance gains across multiple dimensions compared to 

state-of-the-art electronic realizations. Table 5(a, b) 

summarizes key performance metrics averaged across all 

wireless signal processing applications presented in Section 4. 

Performance comparisons employ rigorous methodology 

ensuring fair evaluation against state-of-the-art baselines. All 

comparisons use identical workloads: 256 × 16 complex-

valued matrix multiplication for massive MIMO beamforming 

with 𝑏𝑎𝑡𝑐ℎ𝑠𝑖𝑧𝑒 = 1  to reflect real-time single-sample 

inference requirements. GPU measurements include memory 

transfer overhead (host-to-device: 15 μs, device-to-host: 12 

μs) in all latency figures. The baseline implementations have 

been updated to include state-of-the-art dedicated electronic 

accelerators: (a) NVIDIA A100 GPU with optimized CUDA 

libraries (cuBLAS, cuDNN), (b) Custom 7nm ASIC designs 

specifically optimized for massive MIMO processing, and (c) 

FPGA implementations using high-end Xilinx Versal devices. 

 

Table 5. (a) Comprehensive performance metrics comparison; (b) Extended comparison with dedicated ASIC accelerators 

 
(a) 

Implementation Photonic ONN Electronic (GPU) Improvement 

Average Latency 0.71 μs 2,024 μs (optimized) 2,850× 

Energy per Operation 0.18 pJ/MAC 12.8 pJ/MAC 71× 

Peak Throughput 437 TOPS 312 TOPS 1.4× 

Power Consumption 4.0 W 300 W 75× 

Accuracy (avg) 97.5% 96.8% +0.7% 

Operating Bandwidth 100 GHz 40 GHz 2.5× 

(b) 

Implementation Technology Latency (μs) Energy (pJ/MAC) Accuracy 

Our work (Photonic) SiPh 220nm 0.71 0.18 97.5% 

GPU (A100 Optimized) 7nm CMOS 2,024 12.8 96.8% 

Custom 7nm ASIC 7nm CMOS 45 2.3 95.2% 

Xilinx Versal FPGA 7nm 125 4.8 96.1% 

TPU v4 7nm CMOS 850 3.1 97.2% 
Notes: GPU measurements: NVIDIA A100 80GB PCIe with cuBLAS 12.1, cuDNN 8.9, PyTorch 2.0.1, FP32 precision, batch_size=1. Latency includes host-

device memory transfer. ASIC comparison based on published 7nm wireless signal processing accelerators from Qualcomm Research (2024) and MediaTek 6G 

specifications. Revised improvement versus optimized GPU: 2,850×; versus dedicated 7nm ASIC: 63×. 

 

These latency enhancements are consistent with hardware-

accelerated deployments, where FPGA-based CNN 

realizations have shown 10× acceleration compared to 

software approaches.  

The 2,850× average latency reduction versus optimized 

GPU-accelerated electronic processing enables real-time 

adaptation at sub-microsecond timescales, matching or 

exceeding channel coherence times in extreme mobility 

scenarios (500+ km/h at mmWave frequencies). The revised 

latency improvement against optimized GPU implementations 

using cuBLAS/cuDNN with tensor cores remains highly 

significant for real-time 6G applications. Energy efficiency 

gains of 75× stem from eliminating energy-intensive 

electronic memory accesses and exploiting passive optical 

waveguide propagation for matrix multiplication. The modest 

1.4× throughput advantage reflects current limitations in 

photodetector bandwidth and analog-to-digital conversion, 

addressable through emerging photonic-electronic co-design 

methodologies. 
 

5.2 Latency breakdown and scaling analysis 

 

Figure 8(a) presents a detailed latency comparison across 

five wireless signal processing applications, decomposing 

total processing time into constituent operations.  

Novel SNR-based metrics have been developed to quantify 

detection performance in complex signal environments, 

providing complementary evaluation methodologies for 

photonic neural network performance assessment. 

For the massive MIMO beamforming application with 

𝑁𝑡 =  256  transmit antennas and 𝐾 =  16  users, the 

photonic implementation achieves 350 ns total latency 

comprising: 

• Channel state encoding: 50 ns (MZI mesh optical 

propagation). 

• Beamforming weight computation: 200 ns (4-layer neural 

network inference). 

• Power normalization: 100 ns (photodetection and 

electronic feedback). 

In contrast, the iterative WMMSE algorithm executing on 

GPU requires 2,024 μs with cuBLAS optimization (reduced 

from 15 ms for naive implementation), yielding 5,783× 

speedup for computational kernel comparison. The photonic 

latency scales logarithmically with system size due to 

logarithmic-depth MZI mesh architecture, while electronic 

latency scales quadratically (𝑂(𝐾²𝑁𝑡
2)  per iteration) ((Eq. 

(23)). 
 

𝑇𝑝ℎ𝑜𝑡𝑜𝑛𝑖𝑐  =  𝑂(𝑙𝑜𝑔2(𝑁𝑡)) · 𝜏𝑝𝑟𝑜𝑝 + 𝜏𝑑𝑒𝑡𝑒𝑐𝑡  (23) 
 

The GPU baseline measurements were conducted on an 

NVIDIA A100 80GB PCIe Tensor Core GPU hosted on a 

server equipped with dual AMD EPYC 7742 processors and 

512 GB DDR4 memory. The experimental configuration 
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employed CUDA 12.1, cuDNN 8.9, and PyTorch 2.0.1 

framework with native FP32 precision to maintain algorithmic 

fidelity with reference WMMSE implementations [27]. 

The WMMSE algorithm was implemented following the 

iterative block coordinate descent formulation, where each 

iteration comprises three sequential matrix operations: 

receiver filter update (O(K·Nt²)), transmit precoder 

computation (O(K²·Nt)), and weight matrix optimization 

(O(K³)). For the Nt = 256, K = 16 configuration, per-iteration 

complexity reaches approximately 2.1 × 10⁷ floating-point 

operations.  

Batch size was set to unity (single-sample inference) to 

characterize worst-case latency for real-time physical layer 

processing, as 6G systems require per-slot beamforming 

updates incompatible with batch accumulation strategies. 

Memory transfer overhead between host and device was 

included in latency measurements to reflect realistic 

deployment scenarios.  

We note that TensorRT optimization was not applied, as the 

iterative nature of WMMSE with data-dependent convergence 

precludes static graph compilation. Alternative GPU 

implementations using cuBLAS-optimized matrix operations 

achieved 2,024 μs latency (optimized baseline), confirming 

that the fundamental memory bandwidth limitation (rather 

than computational throughput) constitutes the primary 

bottleneck for iterative wireless signal processing algorithms 

on electronic platforms. 

 

 
 

Figure 8. Comprehensive performance analysis 

 

5.3 Energy efficiency and power consumption 
 

The photonic accelerator achieves 0.18 pJ/MAC energy 

efficiency, representing 71× improvement over optimized 

GPU implementations (12.8 pJ/MAC) and 12.8× improvement 

over specialized 7nm ASIC accelerators (2.3 pJ/MAC). 

Energy breakdown analysis reveals dominant contributions 

from photodetection and analog-to-digital conversion (45%), 

optical modulation (30%), thermal control (15%), and 

electronic processing (10%). Figure 8(b) compares energy per 

operation across platforms, while Figure 8(g) presents a 

detailed power consumption breakdown. 
 

5.3.1 Complete system power accounting 

Total chip power consumption measures 4.0 W, with 

comprehensive accounting for all system components: 

• (Optical computation (MZI mesh): 2.5 W (62.5%). 

- Thermo-optic phase shifters: 2.1 W (256 shifters × 8.2 

mW average). 

- Ring resonator tuning: 0.4 W (32 channels × 12.5 mW). 

• Thermal stabilization: 0.6 W (15%). 

- TEC operation: 0.4 W (Peltier cooler, ΔT = 5 ℃ 

capacity). 

- Control electronics: 0.2 W (PID controller, temperature 

sensors). 

• Optical-to-electrical conversion: 0.4 W (10%). 

- Photodetectors + TIA: 0.25 W (256 channels × 1 mW) 

- ADC array: 0.15 W (10-bit, 100 MS/s). 

• Electronic control and DAC/ADC interfaces: 0.5 W 

(12.5%). 

- DAC for phase programming: 0.3 W. 

- Digital control logic: 0.2 W. 

Against this complete accounting, the energy efficiency 
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improvement versus GPU (300 W) is 75×, and versus 

dedicated 7nm ASIC (28 W) is 7×. These revised figures 

include all auxiliary power consumption, providing accurate 

deployment projections. 

The photonic advantage stems from: (1) Passive optical 

propagation: Waveguide transmission incurs ~0.3 dB/cm loss 

without active power. (2) Distributed processing: Wavelength 

parallelism eliminates centralized memory bottlenecks. (3) 

Reduced data movement: In-situ optical matrix multiplication 

avoids energy-intensive electronic memory transfers. (4) 

Analog computation: Continuous optical signals bypass 

energy-costly digital quantization. 

 

5.4 Throughput scaling with system complexity 

 

Figure 8(c) demonstrates throughput scaling as antenna 

array size increases from N = 64 to N = 1024. The photonic 

architecture achieves 437 TOPS at N = 1024, outperforming 

GPU (208 TOPS) and ASIC (289 TOPS) implementations by 

2.1× and 1.5×, respectively. Superior scaling derives from 

wavelength-division multiplexing, enabling parallel 

processing of 𝐾  spatial channels across 𝜆₁, 𝜆₂, . . . , 𝜆ₖ 

wavelengths simultaneously. 

 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =  𝐾 ∗ 𝑁ₜ ∗  𝑓𝑠𝑎𝑚𝑝𝑙𝑒  / 𝑙𝑜𝑔₂(𝑁ₜ) (24) 

 

where, le 𝑓𝑠𝑎𝑚𝑝𝑙𝑒  represents sampling rate (10 GHz) and the 

logarithmic denominator reflects MZI mesh depth. Electronic 

implementations scale linearly with Nₜ but suffer memory 

bandwidth bottlenecks limiting effective throughput beyond N 

= 512.  

Wavelength-parallel architectures achieve near-linear 

speedup for independent inference tasks (e.g., per-user 

beamforming in multi-user MIMO). Experimental validation 

demonstrates 28× speedup using 32 wavelength channels, 

corresponding to 87.5% parallel efficiency. The sub-linear 

efficiency stems from wavelength-dependent insertion loss 

variations (± 0.8 dB) requiring per-channel gain calibration. 

 

5.5 Accuracy analysis and environmental robustness 

 

Figure 8(d) presents an accuracy-complexity trade-off 

analysis positioning the photonic ONN favorably on the Pareto 

frontier. Achieving 97.5% accuracy relative to optimal 

maximum-likelihood solutions while consuming only 5 

GFLOPS computational complexity, the photonic approach 

offers superior efficiency compared to GPU deep networks 

(96.8% accuracy, 50 GFLOPS) and ASIC implementations 

(95.2% accuracy, 15 GFLOPS). The 2.5% accuracy gap stems 

from: 

• Limited network depth: 4-5 optical layers versus 10-20 

electronic layers. 

• Analog noise: Photodetector shot noise and thermal 

fluctuations. 

• Quantization effects: 8-bit ADC precision versus 32-bit 

floating-point. 

• Training-inference mismatch: Offline training cannot 

capture all deployment scenarios. 

Temperature stability analysis (Figure 8(e)) reveals critical 

sensitivity of photonic components to thermal variations. 

Without active thermal control, performance degrades from 

97.5% to 92.1% across 0-60°C operating range due to thermo-

optic phase shifts (dn/dT = 1.86 × 10⁻⁴ K⁻¹ for silicon). 

Implementing integrated micro-heaters with closed-loop 

control maintains ±0.5°C temperature stability, limiting 

accuracy degradation to <1% across extended temperature 

range. Thermal control power consumption (600 mW, revised 

to include all thermal management components) represents 

15% of total chip power budget. 

 

5.6 Bit error rate performance evaluation 

 

For joint detection and equalization in frequency-selective 

channels (L = 8 taps, 16-QAM modulation), Figure 8(f) 

compares BER performance across SNR range 0-25 dB. The 

photonic reservoir equalizer achieves BER = 10⁻⁵ at 17.2 dB 

SNR, approaching optimal ML detection (16.5 dB) with 0.7 

dB gap while providing 33× latency reduction versus 

conventional Viterbi algorithm. At target BER = 10⁻⁴, the 

photonic implementation requires 15.1 dB SNR versus 14.8 

dB (optimal), 16.3 dB (Viterbi), and 18.9 dB (linear MMSE). 

 

5.7 Extended channel model evaluation under realistic 6G 

conditions 

 

To address concerns regarding idealized evaluation 

scenarios, this section presents comprehensive performance 

characterization under realistic 6G channel conditions 

following 3GPP TR 38.901 specifications. 

 

5.7.1 3GPP TR 38.901 channel model implementation 

Channel Model Configuration: 

• Scenario: Urban Microcell (UMi) Street Canyon. 

• Carrier frequency: 28 GHz (FR2 mmWave band). 

• Bandwidth: 400 MHz (consistent with 6G wideband 

requirements). 

• Antenna configuration: 256 Tx elements (16 × 16 UPA), 

4 Rx elements per user. 

• User velocities: 3 km/h (pedestrian), 30 km/h (urban), 

120 km/h (highway), 300 km/h (HSR), 500 km/h 

(maglev). 

• Multipath clusters: Up to 24 clusters per 3GPP 

specification. 

• Simultaneous users: K = 4, 8, 16. 

 

5.7.2 High-mobility performance analysis 

At maximum tested velocity (500 km/h), the Doppler spread 

reaches 𝑓𝑑 =
𝑣∗𝑓𝑐

𝑐
= 12.96 KHz, corresponding to coherence 

time 𝑇𝑐 ≈ 55 μs. The photonic beamforming latency of 350 ns 

represents only 0.6% of the coherence time, enabling 157 

potential beamformer updates per coherence interval.  

Performance metrics at 500 km/h: 

• Sum rate degradation versus static channel: 7.8%. 

• Beamforming tracking error (angular): < 0.5°. 

• Outage probability (target rate 100 Mbps): 2.3%. 

 

5.7.3 Multi-user MIMO performance (K = 16) 

For K = 16 simultaneous users with spatial multiplexing: 

• Per-user throughput: Maintained within 12% of K = 4 

baseline. 

• Inter-user interference suppression: > 25 dB (via learned 

beamforming weights). 

• Fairness index (Jain's fairness): 0.94 (near-optimal). 

• Aggregate system throughput: 12.8 Gbps at 20 dB SNR. 

Table 6 presents the full performance metrics under realistic 

3GPP TR 38.901 channel conditions across all tested user 

velocities. 
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Table 6. Performance under realistic 3GPP channel conditions 

 
Velocity (km/h) Coherence Time Updates /Interval Sum Rate Degradation Tracking Error 

3 (pedestrian) 9.2 ms > 26,000 < 0.5% < 0.1° 

30 (urban) 920 μs > 2,600 1.2% < 0.2° 

120 (highway) 230 μs > 650 3.5% < 0.3° 

300 (HSR) 92 μs > 260 5.8% < 0.4° 

500 (maglev) 55 μs > 157 7.8% < 0.5° 

These results demonstrate that the photonic accelerator 

maintains performance advantages under realistic propagation 

conditions, with the sub-microsecond latency proving 

particularly critical for high-mobility scenarios where 

electronic implementations cannot track rapid channel 

variations. 

 

5.8 End-to-end system integration analysis 

 

This section addresses the complete system overhead 

including all interface latencies, providing accurate end-to-end 

performance characterization. 

 

5.8.1 Complete latency decomposition 

End-to-end inference latency comprises five sequential 

stages: 

Stage 1 - ADC Sampling: 10 ns 

- 10-bit SAR ADC at 100 MS/s. 

- Parallel acquisition of I/Q components. 

Stage 2 - E/O Conversion: 50 ns 

- MZM driver settling time: 35 ns. 

- Optical modulation: 15 ns (MZI EO bandwidth > 20 

GHz). 

Stage 3 - Photonic Computation: 350 ns 

- MZI mesh propagation: 50 ns per layer (4 layers). 

- Hybrid activation: 30 ns per layer. 

Stage 4 - O/E Conversion: 30 ns 

- Ge photodetector response: 15 ns (3-dB bandwidth > 25 

GHz). 

- TIA amplification: 15 ns. 

Stage 5 - Digital Post-processing: 410 ns 

- ADC conversion: 10 ns 

- Result interpretation and formatting: 400 ns. 

Total End-to-End Latency: 850 ns 

 

5.8.2 Interface overhead analysis 

The computational kernel (photonic MZI mesh operations) 

achieves 350 ns latency. Including all interface overhead, end-

to-end latency is 850 ns, representing a 2.4× overhead factor. 

The end-to-end latency advantage versus electronic 

implementations: 

• End-to-end photonic: 850 ns. 

• Optimized GPU (including memory transfer): 2,024 μs. 

• End-to-end improvement ratio: 2,381× 

This end-to-end improvement, while lower than the 2,850× 

computational kernel comparison, remains highly significant 

for sub-microsecond 6G physical layer requirements. The 850 

ns total latency satisfies even the most stringent latency 

budgets for 6G systems targeting sub-100 μs end-to-end 

latency. 

 

5.8.3 Protocol stack integration 

The photonic accelerator interfaces at the PHY layer, 

replacing specific computational blocks (beamforming weight 

computation, channel estimation, equalization) while 

maintaining standard interfaces to higher layers. Integration 

with 5G NR and emerging 6G protocol stacks requires: 

• Standard baseband processor interface (CPRI/eCPRI 

compatible). 

• Timing synchronization with slot/symbol boundaries. 

• Control plane interface for weight programming. 

Complete system integration requires co-design with 

baseband processor vendors, representing a future work item 

for commercial deployment. 

 

5.9 Experimental implementation and fabrication 

 

Experimental validation employs silicon photonic 

prototypes fabricated in 220 nm silicon-on-insulator (SOI) 

technology at Applied Nanotools Inc. (ANT) foundry. The 8 

mm × 6 mm chip (Figure 9(a)) integrates 128 × 128 MZI mesh 

implementing complex-valued matrix multiplication, 256 

thermo-optic phase shifters for weight programming, 256 

germanium photodetectors for optical-to-electronic 

conversion, and control electronics for calibration and thermal 

management. 

5.9.1 Device characterization and performance validation 

Optical characterization employs swept-wavelength 

measurements across the C-band (1530-1565 nm) using a 

tunable laser source, an optical spectrum analyzer (OSA), and 

high-speed photodetectors. Figure 9(c) presents insertion loss 

measurements revealing 2.5 dB average loss with ±0.8 dB 

variation across the operating wavelength range. Resonant 

features correspond to unintended coupling to higher-order 

waveguide modes, mitigated through improved waveguide 

geometry in second-generation designs.  

Phase shifter characterization (Figure 9(d)) demonstrates a 

π-phase shift at Vπ = 6.5 V with 21 mW power consumption 

per shifter, consistent with theoretical predictions for 500 μm-

long thermal phase shifters. Rise/fall time measurements yield 

a 12 μs time constant, sufficient for weight programming but 

too slow for real-time modulation. Future implementations 

incorporating carrier-depletion modulators target < 1 ns 

switching times, enabling dynamic reconfiguration at packet-

level timescales. Inter-channel crosstalk measurements 

(Figure 9(e)) quantify isolation between wavelength channels, 

revealing -25 dB adjacent channel crosstalk and < -35 dB non-

adjacent crosstalk. Crosstalk mitigation strategies include: 

improved ring resonator design achieving Q > 50,000, 

wavelength pre-distortion to compensate inter-channel 

interference, and adaptive digital post-compensation. 

Experimental results demonstrate these techniques reduce 

effective crosstalk impact to equivalent SNR penalty < 0.3 dB. 

 

5.10 Manufacturing yield and reliability assessment 

 

Figure 9(g) summarizes manufacturing yield analysis across 

25 fabricated chips. Individual component yields reach 96.5% 

(MZI switches), 94.2% (phase shifters), and 98.1% 

(photodetector arrays). Overall functional chip yield of 89.3% 

exceeds the 90% target, validating manufacturing readiness 

for small-scale production. Primary failure mechanisms 
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comprise: 

• Phase shifter degradation: 3.2% failure rate due to 

electromigration in heater metallization. 

• Photodetector dark current: 1.5% exceed the 100 nA 

specification from fabrication defects. 

• Waveguide roughness: 1.8% chips show >0.5 dB/cm 

excess loss from sidewall roughness. 

• MZI imbalance: 2.8% MZIs exceed ±5% arm length 

mismatch tolerance. 
 

5.10.1 Device-to-device variation characterization 

Comprehensive statistical analysis across all 25 fabricated 

chips provides the foundation for understanding expected 

performance variations in production deployments: 

• Phase shifter response: μ = 0.98 π/V, σ = 0.12 rad (CV 

= 12.2%). 

• Insertion loss per mesh: μ = 2.5 dB, σ = 0.8 dB. 

• Photodetector responsivity: μ = 0.88 A/W, σ = 0.05 A/W 

(CV = 5.7%). 

• MZI extinction ratio: μ = 28 dB, σ = 3.2 dB. 

• Ring resonator Q-factor: μ = 48,000, σ = 8,500. 

This statistical characterization provides the foundation for 

understanding expected performance variations in production 

deployments and informs the hardware-aware training 

methodology described in Section 4. 

5.10.2 Yield scaling projections 

Based on Poisson defect model with measured defect 

densities (𝐷𝑀𝑍𝐼 + 0.15 𝑑𝑒𝑓𝑒𝑐𝑡𝑠/𝑐𝑚², 𝐷𝑃𝐷 + 0.08 𝑑𝑒𝑓𝑒𝑐𝑡𝑠/
𝑐𝑚² ), yield projections for larger systems follow 𝑌 =
exp(−𝐷 ∗ 𝐴): 
• 128 × 128 (current): 89.3% (measured). 

• 256 × 256: 76% (projected). 

• 512 × 512: 58% (projected). 

• 1024 × 1024 (monolithic): 34% (projected). 

These projections assume continued process improvement. 

For systems exceeding 512 × 512, modular multi-chip 

architecture is recommended, combining multiple validated 

128 × 128 or 256 × 256 modules through chip-to-chip optical 

interconnects while maintaining per-module yield. This 

approach maintains per-module yield while enabling system-

level scaling. 

Reliability testing under accelerated aging conditions 

(85 ℃, 1000 hours) reveals < 2% performance degradation, 

projecting > 10-year lifetime under typical datacenter 

operating conditions (25 ℃ ambient). Long-term stability 

measurements over 6-month deployment show < 0.5 dB 

insertion loss drift and < 5° phase error accumulation, both 

within acceptable tolerances for periodic recalibration (weekly 

intervals). 

 

 
 

Figure 9. Experimental implementation and fabrication characterization 
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5.11 Environmental robustness characterization 

 

Comprehensive environmental testing validates 

compatibility with telecommunications infrastructure 

deployment requirements. 

 

5.11.1 Vibration testing (IEC 60068-2-6) 

Test conditions: Sinusoidal vibration, 10-500 Hz frequency 

sweep, 5g RMS acceleration, three orthogonal axes, 2 hours 

per axis. 

Results: 

• Additional insertion loss under vibration: < 0.5 dB. 

• Phase stability: σφ < 0.05 rad additional variation. 

• No mechanical failures observed. 

• Classification accuracy degradation: < 0.3%. 

 

5.11.2 EMI susceptibility testing (IEC 61000-4-3) 

Test conditions: Radiated immunity testing, 80 MHz - 6 

GHz frequency range, 10 V/m field strength. 

Results: 

• No observable degradation in optical signal quality. 

• Classification accuracy maintained within measurement 

uncertainty. 

• Shield effectiveness with standard RF enclosure: > 40 

dB. 

 

5.11.3 Humidity testing (85% RH, 1000 hours) 

Test conditions: 85% relative humidity, 25 ℃ ambient 

temperature, 1000-hour exposure. 

Results with hermetic packaging: 

• Insertion loss drift: < 0.2 dB. 

• Phase shifter resistance change: < 2%. 

• Photodetector dark current increase: < 5%. 

Table 7 summarizes the results of all environmental 

robustness tests. 
 

Table 7. Environmental robustness summary 

 
Test Standard Condition Result Status 

Vibration 
IEC 

60068-2-6 

5g, 10-500 

Hz 

< 0.5 dB 

loss 
PASS 

EMI 
IEC 

61000-4-3 

10 V/m, 80 

MHz-6 GHz 

No 

degradation 
PASS 

Humidity 85% RH 1000 hours 
< 0.2 dB 

drift 
PASS 

Thermal 

cycling 

MIL-

STD-883 

-40 to + 

85 ℃ 

< 0.3 dB 

drift 
PASS 

ESD 
IEC 

61000-4-2 

± 8 kV 

contact 
No damage PASS 

 

5.12 Fault tolerance and reliability analysis 

 

Mission-critical 6G applications demand robust fault 

tolerance mechanisms ensuring graceful degradation under 

component failures. 
 

5.12.1 Hardware redundancy mechanisms 

The MZI mesh incorporates 5% row/column redundancy 

enabling graceful degradation: 

• Physical mesh size: 134 × 134 elements (for 128 × 128 

nominal). 

• Redundant elements: 6 spare rows + 6 spare columns. 

• Bypass routing: Failed MZI optically bypassed to 

redundant path. 

• Fault detection: Continuous per-element transmission 

monitoring. 

• Reconfiguration time: < 100 μs for single element 

bypass. 

Fault tolerance capacity: Up to 3 failed elements per 128 × 

128 mesh with < 1 dB additional insertion loss and < 0.5% 

accuracy degradation. 

 

5.12.2 Algorithm-level resilience 

Neural network robustness analysis under random weight 

perturbations (Table 8). 

This inherent robustness stems from distributed 

computation across many parameters, where individual weight 

errors are averaged across the network. 

 

Table 8. Neural network robustness under random weight 

perturbations 

 
Weight 

Error (%) 

Accuracy 

Degradation 

Maintained 

Accuracy 
Assessment 

5% < 2% > 95.5% 
Fully 

operational 

10% < 5% > 92.5% Acceptable 

15% < 8% > 89.5% Marginal 

20% < 12% > 85.5% 
Degraded 

mode 

 

5.12.3 Long-term degradation analysis 

Gradual degradation mechanisms and mitigation: 

• Phase shifter drift: 

- Rate: 0.02 rad/month under continuous operation. 

- Mitigation: Hourly recalibration (10-30 second 

duration). 

- Compensated accuracy loss: < 0.1%. 

• Photodetector responsivity degradation: 

- Rate: < 5% decrease over 10-year projected lifetime. 

- Mechanism: Ge-Si interface defect generation. 

- Mitigation: Gain adjustment in TIA stage. 

• Waveguide loss increase: 

- Rate: < 0.1 dB/cm increase over 10 years. 

- Mechanism: Sidewall oxidation. 

- Mitigation: Hermetic packaging prevents atmospheric 

exposure. 

Reliability projection: Based on accelerated aging tests at 

85°C/85% RH for 1000 hours following Arrhenius model with 

activation energy 𝐸𝑎 = 0.7  eV, projected MTTF exceeds 

100,000 hours (>11 years) at 25 ℃ operating temperatures. 

 

5.13 Comparative analysis with state-of-the-art 

 

Table 9 benchmarks the photonic accelerator against 

contemporary electronic and hybrid implementations for 

wireless signal processing workloads. 

The photonic approach demonstrates clear advantages in 

latency-critical applications (beamforming, channel 

estimation) and energy-constrained scenarios, while 

maintaining competitive accuracy. Electronic GPUs retain 

advantages in training flexibility and software-defined 

reconfigurability, suggesting hybrid architectures combining 

photonic inference with electronic training as an optimal near-

term solution. 

 

5.14 Summary and key findings 

 

Comprehensive performance analysis and experimental 

validation confirm that the photonic AI accelerator achieves 
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transformative improvements for 6G wireless signal 

processing: 

• 2,850× average latency reduction (revised from 4,370×, 

against optimized baselines) enabling sub-microsecond 

real-time adaptation. 

• 75× energy efficiency improvement (revised from 84×, 

including complete thermal overhead) critical for 

sustainable 6G deployment. 

• 97.5% accuracy approaching theoretical optimal 

bounds. 

• Demonstrated manufacturability with 89.3% chip yield 

and >10-year projected lifetime. 

• Validated performance across diverse applications: 

beamforming, channel estimation, modulation 

classification, resource allocation. 

• Comprehensive evaluation under realistic 3GPP TR 

38.901 channel conditions including high-mobility 

scenarios (500 km/h). 

• End-to-end system integration analysis demonstrating 

850 ns total latency including all interface overhead. 

• Environmental robustness validation per IEC standards 

(vibration, EMI, humidity). 

• Fault tolerance mechanisms enabling graceful 

degradation with 5% hardware redundancy. 

• Identified key challenges: thermal sensitivity, limited 

analog precision, and packaging complexity. 

• Established hybrid photonic-electronic architectures as 

a promising path forward. 

These results establish photonic neural networks as viable 

accelerators for next-generation wireless communications, 

particularly in latency-critical and energy-constrained 

deployment scenarios. 

 

Table 9. Comparative benchmarking with state-of-the-art wireless signal processing accelerators 

 
Implementation Technology Latency (μs) Energy (pJ/MAC) Accuracy 

Our work (Photonic) SiPh 220 nm 0.71 0.18 97.5% 

GPU (A100 Optimized) 7 nm CMOS 2,024 12.8 96.8% 

Custom 7 nm ASIC 7 nm CMOS 45 2.3 95.2% 

TPU v4 7 nm CMOS 850 3.1 97.2% 

Hybrid SiPh+CMOS [33] SiPh + 14 nm 12.5 1.2 98.1% 
†Notes: GPU measurements use optimized cuBLAS/cuDNN with memory transfer included. ASIC comparison from published Qualcomm/MediaTek 6G research 

(2024). TPU measurements from Google TPU v4 specifications. All comparisons use identical workloads and evaluation protocols. 

 

 

6. DISCUSSION OF LIMITATIONS AND TRADE-OFFS 

 

This section provides a balanced assessment of the inherent 

limitations and trade-offs of photonic computing for wireless 

signal processing, ensuring objective presentation of both 

advantages and constraints. 
 

6.1 Complex-valued processing overhead 
 

While the architecture provides native complex-valued 

arithmetic for matrix-vector multiplication and phase-encoded 

interference, practical implementation reveals important 

limitations. The native complex-valued processing capability 

applies to approximately 70% of computational operations: 

Operations leveraging native complex processing: 

• Matrix-vector multiplication (core computational 

primitive). 

• Phase-encoded interference patterns. 

• Coherent optical summation. 

• Wavelength-multiplexed parallel processing. 

Operations requiring decomposition into real/imaginary 

components (~30%): 

• Certain nonlinear activations (ReLU, softmax, GELU). 

• Batch normalization operations. 

• Loss function computation during online adaptation. 

• Softmax classification layers. 

This decomposition reduces the theoretical 2× complex-

valued advantage to an effective 1.7× benefit for complete 

inference pipelines. The net computational advantage, while 

reduced from theoretical maximum, remains significant for the 

target wireless signal processing applications where complex-

valued matrix operations dominate. 
 

6.2 Wavelength-division multiplexing crosstalk limitations 
 

The WDM architecture achieves <-35 dB inter-channel 

isolation with current ring resonator designs (Q ≈ 50,000), 

enabling reliable 32-channel parallel operation. However, this 

isolation level imposes practical constraints: 

Current performance: 

• Adjacent channel crosstalk: -25 dB. 

• Non-adjacent channel crosstalk: <-35 dB. 

• Maximum practical channel count: 32-40 channels. 

• SNR penalty at 32 channels: 0.3 dB (after 

compensation). 

• Requirements for extended channel count (64+ 

channels): 

• Ring resonator Q-factors > 100,000 (current: ~50,000). 

• Wavelength stability < 5 pm (current: ~10 pm). 

• Advanced crosstalk compensation algorithms. 

• Improved thermal isolation between adjacent channels. 

Achieving 64+ channel operation represents a significant 

engineering challenge requiring next-generation fabrication 

processes and improved thermal management, limiting near-

term scalability beyond 32-channel configurations. 

 

6.3 Thermal control requirements and constraints 

 

The ± 0.5 ℃ temperature stability requirement represents a 

significant engineering constraint with multiple implications: 

Power overhead: 

• Thermal stabilization system: 0.6 W (15% of total 

system power). 

• TEC cooling capacity: ΔT = 5 ℃ maximum. 

• PID control electronics: 0.2 W. 

• Environmental limitations: 

• Maximum ambient temperature: 45 ℃ (with standard 

TEC). 

• Extended temperature operation (-40 to +85 ℃) requires 

enhanced cooling. 

• Outdoor deployment necessitates environmental 
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enclosure 

• Cost implications: 

• Hermetic packaging: 30-40% cost increase versus non-

hermetic. 

• TEC integration: Additional $15-25 per unit at volume. 

• Temperature monitoring sensors: $2-5 per unit. 

While thermal control overhead is included in all revised 

efficiency claims (75× versus GPU including thermal 

management), this requirement may limit deployment in 

extreme temperature environments without additional cooling 

infrastructure. Data center and indoor base station 

deployments are well-suited, while outdoor small-cell 

deployment requires careful thermal design. 

 

6.4 Precision limitations and dynamic range 

 

The 8.2-bit effective precision (ENOB), while sufficient for 

demonstrated neural network inference applications, imposes 

constraints for certain use cases: 

Precision breakdown: 

• Shot noise contribution: 0.8 bits. 

• Thermal drift contribution: 0.5 bits. 

• Fabrication variation: 0.3 bits (after calibration). 

• ADC quantization: 0.2 bits. 

• Total ENOB: 8.2 ± 0.3 bits. 

Application-specific impact: 

• Massive MIMO beamforming: 1.2% sum-rate 

degradation vs. full precision. 

• Channel estimation: 0.8 dB NMSE increase vs. 32-bit 

implementation. 

• Modulation classification: 1.5% accuracy reduction at 

low SNR (<5 dB). 

Limitations for specific applications: 

• Applications requiring >12-bit precision need hybrid 

photonic-electronic architecture. 

• High dynamic range scenarios (>50 dB) may exhibit 

measurable accuracy degradation. 

• Iterative algorithms accumulating quantization error 

require periodic electronic correction. 

• Scientific computing applications requiring IEEE 754 

compliance not supported. 

For applications requiring higher precision, the hybrid 

architecture combining 8-bit photonic coarse computation 

with 16-bit electronic refinement achieves effective 12-14 bit 

precision while maintaining photonic speed advantages, with 

only 50 ns additional latency for the electronic refinement 

stage. 

 

6.5 Scalability constraints 

 

The demonstrated 128 × 128 MZI mesh represents current 

fabrication capability. Scaling to larger systems faces 

fundamental challenges: 

Yield degradation with scale: 

• 128 × 128: 89.3% yield (measured). 

• 256 × 256: 76% yield (projected). 

• 512 × 512: 58% yield (projected). 

• 1024 × 1024 monolithic: 34% yield (projected). 

Cumulative insertion loss: 

• 128 × 128: 2.5 dB average. 

• 256 × 256: ~4 dB (projected). 

• 512 × 512: ~8 dB (projected). 

• Signal amplification required beyond 256 × 256 

Calibration complexity: 

• Calibration time scales as O(N²). 

• 128 × 128: 10-30 seconds. 

• 512 × 512: 3-10 minutes (projected). 

• Real-time recalibration challenging for large meshes. 

Scalability to 1024-antenna systems requires modular 

multi-chip architecture rather than monolithic integration. 

This approach combines multiple validated 128 × 128 or 256 

× 256 modules through chip-to-chip optical interconnects, 

maintaining per-module yield while enabling system-level 

scaling. The modular approach introduces inter-chip 

communication overhead (~20 ns per chip boundary) but 

preserves manufacturing viability. 

 

6.6 Application scope boundaries 

 

The demonstrated advantages apply specifically to 

inference-dominated physical layer operations. Clear 

boundaries define the appropriate application scope: 

Applications well-suited for photonic acceleration: 

• Beamforming weight computation (demonstrated: 350 

ns, 96.2% optimal). 

• Channel estimation via deep unfolding (demonstrated: 

1.6 μs). 

• Modulation classification (demonstrated: 800 ns, 89.6% 

accuracy). 

• Resource allocation optimization (demonstrated: sub-

μs). 

• Joint detection and equalization (demonstrated: 150 

ps/symbol). 

Applications outside current scope: 

• Forward error correction: Sequential Viterbi/BCJR 

algorithms poorly suited to photonic parallelism. 

• OFDM processing: FFT operations require different 

photonic architectures (optical FFT). 

• Protocol stack processing: Control-flow operations 

remain in electronic domain. 

• Training/backpropagation: Currently requires electronic 

computation. 

• Turbo/LDPC decoding: Iterative message-passing not 

efficiently mapped. 

These boundaries define photonic accelerators as 

complementary to, rather than replacement for, electronic 

processing in complete 6G systems. A heterogeneous 

architecture combining photonic inference acceleration with 

electronic control, training, and sequential processing 

represents the optimal system configuration. 

 

6.7 Manufacturing and cost considerations 

 

Commercial viability requires addressing manufacturing 

costs and supply chain considerations: 

Current prototype costs (small volume, < 100 units): 

• Chip fabrication: ~$3,000-4,000 per chip. 

• Packaging (hermetic): ~$800-1,200 per unit. 

• Testing and calibration: ~$500 per unit. 

• Total prototype cost: ~$5,000 per unit 

Projected production costs (> 10,000 units): 

• Chip fabrication: $30-50 per chip (leveraging CMOS 

foundry). 

• Packaging: $15-25 per unit. 

• Testing: $5-10 per unit. 

• Total production cost: $50-100 per unit 
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Cost comparison: 

• High-end RF IC for 5G base station: $50-150. 

• NVIDIA A100 GPU: ~$10,000. 

• Custom 7nm ASIC (at volume): $20-50. 

At production volumes, photonic accelerators achieve cost 

parity with high-end RF components while providing 

significant performance advantages. The leveraging of 

existing CMOS-compatible silicon photonics foundry 

infrastructure (GlobalFoundries 45SPCLO, TSMC, AIM 

Photonics) enables cost-effective manufacturing without 

requiring specialized fabrication facilities.  

 

6.8 Integration challenges 

 

System integration presents several practical challenges 

requiring engineering solutions: 

Optical-electrical interface overhead: 

• E/O conversion latency: 50 ns. 

• O/E conversion latency: 30 ns. 

• Total interface overhead: 80 ns (23% of computational 

latency). 

Packaging complexity: 

• Fiber coupling alignment: ± 0.5 μm tolerance. 

• Thermal management integration. 

• RF shielding for control electronics. 

• Multi-chip module assembly for scaled systems 

System co-design requirements: 

• Baseband processor interface specification. 

• Timing synchronization with wireless standards. 

• Power supply sequencing and management. 

• Firmware for calibration and adaptation. 

These integration challenges, while significant, are similar 

to those addressed in commercial silicon photonics 

transceivers for data centers. The established ecosystem of 

silicon photonics packaging and integration provides a 

foundation for photonic accelerator deployment. 

 

 

7. CONCLUSION 

 

This paper has presented a comprehensive investigation of 

photonic artificial intelligence accelerators for ultra-fast 

wireless signal processing in sixth-generation networks. The 

proposed Wavelength-multiplexed Coherent Photonic Optical 

Neural Network (WC-PONN) architecture integrates 

wavelength-division multiplexing enabling massive 

parallelism across 32 spectral channels, programmable Mach-

Zehnder interferometer meshes implementing complex-valued 

linear transformations, and hybrid opto-electronic activation 

modules balancing computational flexibility with efficiency. 

Native complex-valued arithmetic reduces representation 

overhead inherent in electronic systems, while coherent 

optical interference enables matrix-vector multiplication at 

propagation speed without discrete clock cycles. 

Comprehensive performance evaluation across massive 

MIMO beamforming, compressed sensing channel estimation, 

automatic modulation classification, and dynamic resource 

allocation validates the transformative potential of photonic 

acceleration under rigorous experimental conditions. 

Fabrication and characterization of 25 chips on 220 nm 

silicon-on-insulator substrates yielded 89.3% functional 

device yield with statistically characterized variations: phase 

shifter response (σ = 0.12 rad), insertion loss (σ = 0.8 dB), and 

photodetector responsivity (σ = 0.05 A/W). End-to-end 

inference latency of 850 ns including all interface overheads 

represents 1,200× improvement over optimized GPU 

implementations. Complete system power accounting 

including thermal stabilization totals 4.0 W, achieving 75× 

energy efficiency improvement versus GPU and 7× versus 

dedicated 7nm ASIC accelerators. Classification accuracy 

averaging 97.5% is maintained under realistic 3GPP TR 

38.901 channel conditions including 500 km/h mobility and K 

= 16 multi-user scenarios. 

The demonstrated performance positions photonic AI 

accelerators as enabling technology for 6G terabit-per-second 

data rates and sub-100-microsecond latency. Sub-microsecond 

beamforming enables tracking fast-fading channels with 

1024+ element antenna arrays through hierarchical modular 

architectures. The 100 GHz operating bandwidth 

accommodates terahertz signal processing where electronic 

alternatives face fundamental limitations, while power 

reduction enables deployment in thermally constrained edge 

infrastructure. 

Promising research trajectories include extension to 

transformer architectures through optical attention 

mechanisms and wavelength-parallel multi-head attention for 

sequence-to-sequence channel prediction. Enhanced temporal 

processing through photonic reservoir computing and optical 

delay-line memory would enable real-time Doppler prediction 

in high-mobility scenarios. On-chip training via optical 

perturbation-based gradient measurement would eliminate the 

training-inference gap. Technology improvements including 

MEMS-based phase shifters (10× lower power), 3D photonic 

integration, and advanced photodetectors would advance 

toward 512 × 512 monolithic meshes. Application extensions 

encompassing interference cancellation via photonic null-

space computation, optical FFT-based OFDM processing, 

terahertz communications exceeding 10 GHz bandwidth, and 

radiation-hardened designs for satellite-terrestrial integration 

would broaden deployment scenarios. 

Despite compelling advantages, several challenges warrant 

continued attention. Thermal sensitivity necessitates active 

stabilization consuming 0.4 W (10% of system power). 

Limited 8.2-bit effective precision suggests hybrid photonic-

electronic architectures achieving 12–14 bit equivalent 

precision while maintaining speed advantages. Hardware-

aware training reduced the simulation-to-hardware accuracy 

gap from 4.2% to 1.1%. Fault tolerance through 5% 

redundancy enables bypass of up to 3 failed elements per mesh 

while maintaining > 95% accuracy despite 10% weight 

perturbations. Scalability to 1024-antenna systems proceeds 

through hierarchical multi-chip architectures while monolithic 

integration awaits continued process improvement. 

Standardization through 3GPP and ITU-R collaboration 

will facilitate seamless commercial integration. This 

experimental validation transitions photonic AI acceleration 

from theoretical promise to practical reality, establishing a 

foundation for 6G deployment as photonic computing emerges 

as a fundamental paradigm shift enabling capabilities 

previously considered computationally unachievable. 
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