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What is This Talk About: Overview of Optical Al

Design Integrated Photonics Hardware
for Al / ML Computing



Photonic Al Computing Basics

¢ Principle: modulation (encode), interference (MVM), photodetection (readout)
¢ Good at ultra-fast (10-100ps), parallel linear operations in the analog domain

¢ 10 TOPS/W (SoTA) —» 1M TOPS/W (potential)

Computing Primitives

Photonic Implementation
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One-shot computing at speed-of-light!
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Al is Booming

Photonic Neural Network Trends in Academia

[ASP-DAC’20, TCAD’20,
ACS Photonics’22]

[DATE 21, TCAD’22]

K DE\}N“ “‘“’ pdisk Modelator Microdisk Weight Bank }2)$
[ BE 00
[E3} - El ,% - /\'Zt
| Blg+ 0.0 i ',Z!S qpq:\ ;
i [DATE’20] ; NI
i | BB | = 0, § [Nat. Comm.’22]
e r%} E g Oy Qo :
aEa oS —
AR . A0 - ! Naturé’21
[SciRep17]  [PhysRev'19] 848 [ ]
ann\ il detector  (Lasel n) A | &
eLQ'\g S AT
WL LS [APR20]
[ L
L W o 1.\';4
.r.f‘. x‘. ReYS E l’i X

[Nature’ 19] : L”‘: :
W=TUE ‘,{‘
mput iagonal nita tee ——outp i
HPCA’20
[ASP-DAC'19] ! ]

[Nat. Photon’ 17]

Foundry / EPDA Support in Industry

Photonic Computing Chip Designs
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Photonic Al is Booming

Photonic Neural Network Trends in Academia Foundry / EPDA Support in Industry
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Virtuous Cycle: for Al < Al for

Photonic Al Work & Contributions Open-Source Release
Design Stack Publications: >30 in CAD, ML, Photonics Communities
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Outline

1:@1:1@% ¢ Customized Optical Neural Network Design

:{W@_M)-ﬁzsy ¢+ ONN On-Chip Training Algorithms

x: = W(®Y) + AW

¢+ ML-Assisted Photonic Design Automation




Outline

Iﬁ::@% ¢ Customized Optical Neural Network Design




From GEMM To Specialized Subspace Linear

¢ Overparameterized DNN - GEMM is not necessary — “circuit compression”
¢ Large universal UXV MZI array —» Compact subspace U'XV' butterfly mesh
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J. Gu, Z. Zhao, C. Feng, M. Liu, R.T. Chen, D.Z. Pan, “Towards Area-Efficient Optical Neural
Networks: An FFT-based Architecture,” ACM/IEEE ASP-DAC, 2020. Best Paper Award
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Photonic Neural Chip Tapeout & Demonstration

Peak compute density & energy efficiency
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C. Feng*, J. Gu* (co-first), H. Zhu, Z. Ying, Z. Zhao, D.Z. Pan, R.T. Chen, “A compact butterfly-style silicon 11
photonic-electronic neural chip for hardware-efficient deep learning”, ACS Photonics, Nov. 30, 2022.



More Customized ONN Designs Beyond GEMM

¢ Specialized circuits for hardware-efficient subspace linear op
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¢ Customized devices beyond 1 MAC/device — single-device vector/MVM unit
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Outline

W(¢t+1)
— W(®Y) + AW

¢ ONN On-Chip Training Algorithms

13



Inference — Training: Self-Learnable Al Engine

¢+ Why on-chip training? reliability, adaptablllty efficiency, prlvacy

¢+ Challenges
> NoO access to intermediate states or full gradients (U/V are blackbox)
> Noisy circuits (randomness)
»  Algorithm must be simple enough to be run on chip

Photonic Al Accelerator
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Efficient On-Chip Training Protocols

¢ >10,000x trainabilityT+30x efficiencyT: Customize algorithm for the hardware
¢+ Utilize optics reciprocity to calculate subspace 1st-order gradients with sparsity

Subspace optimization
Million-parameter ONNs
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J. Gu, Z. Zhao, et al., FLOPS, ACM/IEEE Design Automation Conference (DAC), 2020 (Best Paper Finalist) (Best Poster Award)
J. Gu, C. Feng, et al., Mixed-Train, Association for the Advancement of Artificial Intelligence (AAAI), 2021

J. Gu, H. Zhu, et al., L2ight, Conference on Neural Information Processing Systems (NeurlPS), 2021 15



Outline

¢+ ML-Assisted Photonic Design Automation
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Al for Optical Simulation [NeurOLight, Gu+, NeurlPS’22]

¢ Avoid slow simulation in the loop — ML-enabled fast Maxwell equation solving

Obtain customized PDE encoding + + physics-augmented training
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Neural Operator Enabling Parametric Photonic Device Simulation,” NeurlPS 2022. (Spotlight)




Auto-Design for Photonic Circuits [ADEPT, Gu+, DAC’22]

¢ Inefficient manual/heuristic design — Automated circuit topology search
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The Future of —Al is Bright

¢ HW/SW co-design for optical Al infer. /train + ML for optics
¢ Future: mem/arch, system integration, advanced app.
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https://github.com/JeremieMelo/pytorch-onn
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