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Al computing and energy consumption

Iw‘zn:g MEGATRON-TURING NLG

Using DeepSpeed and Megatron to Train Megatron-Turing NLG
530B, A Large-Scale Generative Language Model
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Song', Mohammad Shoeybi?, Yuxiong He', Michael Houston?, Saurabh Tiwary', and Bryan

@ANVIDIA. § Microsoft Catanzaro! aTXiv, 2022
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Escape through analog photonic MVMs
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Deep learning with coherent nanophotonic circuits ) Iada

Yichen Shen'", Nicholas C. Marris™, Scott Skirl), Miika Prabhu’, Tom Bachr-Joses’,
Xin Sur, Shifie Zhaot, ", Dik Enghund’ 3 |
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>5x more efficient: ~200 fJ/MAC
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Lessons Learned
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A. Tsakyridis et al, “Photonic Neural Network and Optics-informed
Deep Learning Fundamentals”, (Invited Tutorial) APL Photonics 2024

v Optics-Informed Deep Learning:
embeds ER, BR, noise, BW etc
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Noise equivalent
quantization bits (NEQB)
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ONN axon bandwidth (GHz)

v High-speed ADCs reduce bit-
resolution and energy efficiency

50 C. Pappas et al, JSTQE 2023
S. Kovaios et al, JLT 2024
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Hardware/Software co-design

Lesson #1:
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Lessons Learned

° )
® WDM architectures @ coherent architectures \/ InCOherent arChlteCtureS Support 10 S
= GHz clock rates, but:
o 1012
& 1m * require one wavelength per axon:
o Y. Huang et al, JSTQE e om ®
t o g @ @i no WDM capability
g 10° A.Tari{tesfl:l‘;,pl:—‘hys. ® e
E 103 T. F.::’eOLiFrza et .W. ZI;ar;iet al, . .
o 10 v' SVD coherent architectures require a
F .
- Py single wavelength, but:
Q
]
2 T s P o * hardly exceed GHz range
E 104 Optica P o o [ ] [ ] . .
S 1 * slow weight update — small NN sizes
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* degrade fidelity
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The photonic Xbar processor

¥

M ey

G. Giamougiannis et al, JLT, 2023
G. Giamougiannis et al, JSTQE 2023

the equivalent
to the analog
electronic Xbar
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M. Moralis-Pegios et al, Nat. Comms, 2024
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The photonic Xbar processor

@ WDM architectures @ coherent architectures

~

A.Tsakyridis'et al, JSTQE 2022

v"Record-high 50GHz
compute rate

v x10¢ improvement (now
60GHz, Z. Lin et al, NatComms 2024)
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v'50Gs/sec photonic
GeMM via 50x faster
weight update rates

v Supports TDM, i.e. NN

G J

\_ Size >> PNN Y,

8 15004
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o J
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Fidelity (%)
Baseline 2000
Baseline avg 00+
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M. Moralis-Pegios et al,
NatComms 2024

99.99 99.995 100
Fidelity (%)

v Fidelity restoration
&..

v Record at 99.997 %

\. J

([fiwimenes ) KEAEK




...and a recent AWGR-based TSWDM design
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262 TOPs Photonic Tensor Core
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DDoS Attack D
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C. Pappas et al, OFC PDP 2024
C. Pappas et al, JLT 2025
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v Compute scales with O(N?3)
v" hardware scales with O(N?2)
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Break the PetaMAC/sec barrier

— 107} | v On-chip reconfigurable
g 0%} 2 PNNs up to
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g 1 07 [ Google
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10 10-10 10" 1012 1013 10-14 1015
Energy efficiency (J/MAC)
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([ winnes « IKEAEK



On-chip in 3 years from now
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Technology MVM architecture Optics-Informed
Training Model

Multi-material PICs
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[C. Pappas et al, “A 262 TOPs Hyperdimensional Photonic Al Accelerator”,
submitted at APL Photonics, arXiV pre-print]
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