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Figure 1 Diffractive optical neural networks. (a) Free-space all-optical machine learning network framework based on
optical diffraction®: (b) FPGA-programmable diffractive deep neural network®”: (c) diffractive deep neural network

with incoherent light illumination; (d) fiber-end integrated diffractive neural network®!
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Figure 2 On-chip integrated photonic neural networks. (a) All-optical feedforward neural network architecture based on

Mach-Zehnder interferometer (MZI) cascaded arrays®; (b) optical neural network enabling complex-valued

operations®®”: (c) Integrated photonic neural network based on MZI cascaded arrays and diffractive units*!: (d) optical

convolutional processor utilizing multimode interference couplers and phase shifters*?
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Figure 3 Online training methods for optical neural networks. (a) On-chip integrated optical neural network training
methods based on in situ error backpropagation®®: (b) online training method for spatial diffractive optical neural net-
work®: (c) large-scale neuromorphic photonic computing based on programmable diffractive processing units®?: (d)
forward-only training method for single-chip photonic deep neural network!®®: (e) dual adaptive training of photonic
neural networks!®!
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Optical neural networks (ONNSs) have emerged as a groundbreaking paradigm in the pursuit of next-generation compu-
ting architectures, offering unprecedented advantages in terms of speed, energy efficiency, and parallelism. Rooted in the
unique physical implementation principle of “architecture-as-function, propagation-as-computation”, ONNSs leverage the
intrinsic properties of light—such as large bandwidth, low latency, and minimal energy consumption—to perform com-
putational tasks in a manner fundamentally different from traditional electronic systems. This novel computing paradigm
has attracted widespread attention from both academia and industry, as it presents a promising solution to the growing
computational demands imposed by large-scale artificial intelligence (Al), especially in the context of artificial general
intelligence (AGI) and real-time decision-making systems. However, despite their theoretical and experimental progress
over the past decade, practical ONNs still face substantial technical barriers, particularly in scaling up both hardware and
software components for effective training and inference.

One of the most significant challenges in the development of ONNs has been the reliance on external, GPU-based
systems for training procedures, which undermines the inherent speed and energy efficiency of optical computation. Ad-
dressing this critical limitation, a research team led by Professors Lu Fang and Qionghai Dai at Tsinghua University has
made a pioneering breakthrough by introducing a fully forward-mode training methodology for ONNSs. This innovative
approach enables in-situ training within the optical domain, eliminating the need for off-chip computational resources
and paving the way for truly autonomous optical learning systems. Their work culminated in the design and implementa-
tion of the “Taichi” chiplet—a large-scale, general-purpose intelligent optical computing chiplet that integrates a distrib-
uted, broad-range optical computing architecture. The Taichi chiplet demonstrates remarkable capabilities in handling
complex neural network operations, including both training and inference, thereby significantly advancing the scalability
and applicability of photonic computing systems.

Recognized as one of China’s Top 10 Scientific Advances in 2024, the Taichi project not only marks a pivotal mile-
stone in optical computing but also highlights the transformative potential of photonic systems in reshaping the future of
intelligent computation. This paper offers a comprehensive overview of the evolution of optical neural networks, tracing
their development from early theoretical models to recent experimental implementations. It delves into key advancements
in ONN architecture design, training methodologies, and diverse application domains, with a particular emphasis on the
technical innovations embodied in the Taichi chip. Furthermore, the paper critically examines the current state of the
field, identifies remaining challenges such as material limitations, noise sensitivity, and system integration, and outlines
promising research directions.

This paper explores the future trajectory of optical computing, particularly in the context of industrial adoption and
integration with existing Al ecosystems. It discusses the potential convergence of ONNs with quantum computing, neu-
romorphic engineering, and hybrid photonic-electronic systems, offering insights into how optical computing may rede-
fine the architecture of intelligent systems in the post-Moore’s Law era. By synthesizing theoretical foundations, recent
breakthroughs, and forward-looking perspectives, this review aims to serve as a valuable reference for researchers and
practitioners seeking to understand and contribute to the rapidly evolving field of optical neural networks.

Optical computing, optical neural network (ONN), optical computing architecture, large-scale intelligent photonic com-
puting, optoelectronic intelligent computing, artificial intelligence (Al)
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