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The “Cambrian explosion” of DNN hardware
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DNNSs are getting better because they are getting bigger
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DNN scaling is bottlenecked by energy consumption, which is ~1 pJ/OP for CMOS.
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New DNN hardware Is needed for ultra-low latency processmg

- Astronomy Particle physics

New applications require ultra-low latency (us-ns) processing of (optical) data
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New DNN hardware is needed for ultra-low latency processing

;’c? .

- é Astronomy Particle physics

New applications require ultra-low latency (us-ns) processing of (optical) data
This requires time-of-flight (clockless) compute on a single, integrated chip

Preprint manuscript available at https://arxiv.org/abs/2208.01623 5



An end-to-end optical DNN processor on a single chip
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An end-to-end optical DNN processor on a single chip
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An end-to-end optical DNN processor on a single chip
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Application-specific photonic integrated circuit
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Application-specific photonic integrated circuit
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Coherent matrix multiplication unit
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Coherent matrix multiplication unit
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Nonlinear optical function unit
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Transmission (dB)

L 4 |
Quantum Photonics Group Illll

Nonlinear optical function unit
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Coherent optical nonlinear functions without digitization or amplification
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Model training benefits from optical acceleration
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Model training also requires repeated forward inference.
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Model training benefits from optical acceleration
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Model training also requires repeated forward inference.

S
Optically acceleration can enable low-latency model training.
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In situ training on optical hardware

C

a ) g 80 - tﬁ
3] [
©+ A =0+ [01,9,....0n] - < 1
2407 §
s 1 4 Training
@ 20_: § Test
o I L R I B S B ENL I B S R ENL N B BB B B
0 1000 2000 3000 4000 5000
Epoch
Training Accuracy: 96.5% Test Accuracy: 92.7%
S 96 acgryg 0 0 O
aw aw O 96 2
)
_8 uw O uw 0
lDJ- er 0 er
LL]
@ 0 nVaL(O)A — Y 6 o Yy 14
\ ) ih 0 ih 0 O
ae aw uw er iy ih ae aw uw er iy ih
Predicted Predicted

Forward inference is optically accelerated during in situ training, which

achieves the same accuracy as a digitally trained system.
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Summary

 Single-shot optical inference in a deep neural network on a photonic chip with
time-of-flight (500 ps) limited latency
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Summary

 Single-shot optical inference in a deep neural network on a photonic chip with
time-of-flight (500 ps) limited latency

. All-optical processing of data without digitization between layers, eliminating the
latency introduced by optical-to-electronic conversion

« Coherent matrix multiplication in the optical domain
 Coherent optical nonlinear functions without electronic amplification

 Entirely fabricated in a commercial foundry

. In situ training takes advantage of near-instantaneous inference, reducing latency
and power consumption of model training.
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