L2ight: Enabling On-Chip Learning for Optical Neura
Networks via Efficient in-situ Subspace Optimization rayr.chen

Introduction: Optical Neurocomputing

Photonics for Al Acceleration: Ultra-Fast & Ultra-Efficient
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Optical Neural Network Basics

« Singular value decomposition
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L%ight. Our Synergistic On-Chip Learning Framework

« Scalability: First to handle million-parameter ONNs
« Efficiency: Multi-level sparsity for 30x higher efficiency

Interconnects

Three-stage Framework

Manufactured ONN

(1) Identity Calibration
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Calibrate U, V* to I: Zeroth-Order Opt.
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(2) Parallel Mapping

Map U: Zeroth-Order Opt.

Map V*: Zeroth-Order Opt.

Map X: Optima'I Singular-value
L Projection
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(3) Subspace Learning

Forward
Data Sampling + Feature Sampling

In situ Backward
Feedback Sampling

Update X: Stochastic First-Order Opt.
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Identity Calibration (IC)
» Variation-Agnostic Circuit State Preparation
« Large-scale ZOO — Batched subtasks
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Parallel Mapping (PM)
« Decouple ZOO from stochasticity — Efficient mapping
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Subspace Learning (SL): Only optimize singular values
» First-order subspace gradient via Reciprocity
» Trade full-space trainability — Efficient first-order gradients
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Efficient Multi-level Sparse Subspace Learning
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Experimental Results: Scalability & Efficiency

1000 more scalable: million-parameter ONNs
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30x more energy-efficient + self-learnability and transferability
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Future Work

ONN chip tape-out, measurement, and on-chip training deployment

e —— O PyTorch & */umerical
IS 32k o
3 2 P SYNopsys @ S °*°
T T TR - R p—— FOUNDRY
k """""""" PHOTONIC SOLUTIONS
References

Jiaqi Gu, Zheng Zhao, et al. (2020). “FLOPS: Efficient On-Chip Learning for Optical Neural
Networks Through Stochastic Zeroth-Order Optimization.” In: DAC.

Jiaqi Gu, Chenghao Feng, et al. (2021). “Efficient on-chip learning for optical neural networks
through power-aware sparse zeroth-order optimization.”. In: AAAL.

Yichen Shen, Nicholas C. Harris, et al. (2017). “Deep learning with coherent nanophotonic
circuits.”. In: Nature Photonics.

Website: https://jeremiemelo.qithub.io
Open-source: https://qithub.com/JeremieMelo/L2ight
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