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Designing Systems to Tackle Power & Data Movement in DNNs

 

Two great must-read papers on this topic:

V. Sze, Proc. IEEE 105(12), 2295 (2017) M. Horowitz, ISSCC 2014, pp.10-14

slide: Ryan Hamerly



Google TPU cloud 
offerings: 
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Systolic Array architecture is optimized for GEMM

Two key limiters to the TPU:
• Power → Heat dissipation
• Interconnects / Data Movement

.. Google team: >cs>arXiv:1704.04760 

https://arxiv.org/list/cs/recent
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How does this matter for actual DNNs?
Start with a DNN accelerator design 
(such as Eyeriss)

• Not just a systolic array!

• Has a balanced hierarchy of 
memory to handle many tasks

Find the optimal dataflow

• Trying to minimize data 
movement.  But some data must 
move.

• Schemes: “weight-stationary” 
(systolic), “output-stationary” 
(accumulator) may not be 
optimal.

• A compiler picks the best 
data-flow after a parameter 
search.

(weight-stationary)

(output-stationary)

Despite all the optimizations, chips are dominated by data 

movement costs, not raw processing!

Moore’s Law: limited gains for data movement

This is why optics is interesting for future DNN hardware

V. Sze, Proc. IEEE 105(12), 2295 (2017)

slide: Ryan Hamerly
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Taken from L Bernstein*, A Sludds*, R Hamerly, V Sze, J Emer, D Englund, Sci Reports (2021) 11:3144

?
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Energy to 
train ~  
190,000 kWh 
(~ twenty 
20-year-old 
humans)

Comm’s savings in distributed computing*
● O(N) savings in NxN matrix processing

175 B 
Parameters

1014

1013

Motivation:

The exponential scaling of DNNs
~ adult human

https://arxiv.org/abs/2006.13926


Outline

● A Renaissance in Physics of Computing ? 

● Programmable photonic integrated circuits (PICs)

● EC in hardware compute, training: → “error-free optics” 

● EC in ML in-situ training?  

● Fully integrated on-chip inference

● Computing Across the Internet’s Edge: Tops/sec @mW on edge devices

● Single-shot NNs: 20,000 MACs / 20 fs: Exascale computing

● Microlaser-based Coherent Scalable Efficient deep Learning ~ fJ/OP and 25 TeraOP/(mm2· s)

● Quantum optical neural networks: signal processing on quantum states

In
tr

o
H

ar
dw

ar
e

A
pp

lic
at

io
ns

 

Z. Chen et al, CLEO 2022

R. Davis et al, CLEO 2022

ArXiv:cs.ET cs.LG 2205.09103 

(2022); to appear in Science 

(2022)

arXiv:2203.05466 (2022)

S. Bandyopadhyay, Optica 8, 1247 (2021)
Hamerly et al., arXiv:2106.03249 (2021)

R Hamerly, S Bandyopadhyay, DE, arXiv: 2109.05367 (2021)

Review: G Wetzstein et al,  Nature 588 (2020) 
Review: W Bogaerts et al, Nature 586, 207–216 

(2020) 

Positions available in theory & experiment: https://www.rle.mit.edu/qp/

L Bernstein et al, ArXiv:2205.09103 (2022)

14

https://arxiv.org/abs/2205.09103
https://arxiv.org/abs/2203.05466
https://www.nature.com/articles/s41586-020-2764-0


Matrix algebra in programmable photonic integrated circuits (PICs) 

Programmable optical matrix transformation: 176 phase shift degrees of freedom (8 bit)

● Y. Shen*, N. C. Harris*, et al [with M Soljacic, MIT], Nature Photon 11 (2017). * equal authors
● See also D.A.B.M Miller, “Sorting out Light” , Science 347 (2017) 
● Reviews:  

○ N Harris et al,  Optica 5 (2018)
○ W Bogaerts, D Pérez, J Capmany, D A. B. Miller, J Poon, D Englund, F Morichetti & A Melloni, Nature 586 (2020)
○ G Wetzstein, A Ozcan, S Gigan , S Fan, D Englund, M Soljačić, C Denz, D A. B. Miller, D Psaltis, Nature 588 (2020)

OPSIS Foundry
Collaborators: Michael Hochberg, Michael 
Fanto, Paul Alsing (AFRL), Stefan Preble 
(RIT), Philip Walther (U. Vienna)
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UN✕N
xN Ux

26 
Ch

26 
Ch

Example: 

Thermal phase shifters burn ~ 10 mW/each, but we 
have piezoelectric alternative (M Dong et al - 
Nature Photonics).. and nonvolatile phase shifters 
as by Pernice group are super interesting if we 
could program precisely



“Weight-stationary architecture”: flying output y=(stationary W).(flying x)

O(N) ops for activation & DAC  

UN✕N xN vector-matrix multiplication:

Binary computer: O(N2) ops + memory access

Opportunity for PIC: O(N) ops, no memory access, equivalent compute of N2 
Δν~1002 (10THz)~ 1017 ops/sec

Y Shen*, N C. Harris*, S Skirlo, M Prabhu, T Baehr-Jones, M Hochberg, X Sun, S Zhao, H Larochelle, D 
Englund, and M Soljacić, Nature Photonics 11 (2017). *equal authors
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WN✕N
xN

UN✕N

→ MIT spinouts 

y=Wx



Scalability of analog systems?

29

C. Babbage “difference engine” (1832)

yj=Σk xk wj,k=dot(x,wj)



Outline

● A Renaissance in Physics of Computing ? 

● Programmable photonic integrated circuits (PICs)

● EC in hardware compute, training: → “error-free optics” 

● EC in ML in-situ training?  

● Fully integrated on-chip inference

● Computing Across the Internet’s Edge: Tops/sec @mW on edge devices

● Single-shot NNs: 20,000 MACs / 20 fs: Exascale computing

● Microlaser-based Coherent Scalable Efficient deep Learning ~ fJ/OP and 25 TeraOP/(mm2· s)

● Quantum optical neural networks: signal processing on quantum states
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Z. Chen et al, CLEO 2022

R. Davis et al, CLEO 2022

ArXiv:cs.ET cs.LG 2205.09103 

(2022); to appear in Science 

(2022)

arXiv:2203.05466 (2022)

S. Bandyopadhyay, Optica 8, 1247 (2021)
Hamerly et al., arXiv:2106.03249 (2021)

R Hamerly, S Bandyopadhyay, DE, arXiv: 2109.05367 (2021)

Review: G Wetzstein et al,  Nature 588 (2020) 
Review: W Bogaerts et al, Nature 586, 207–216 

(2020) 

Positions available in theory & experiment: https://www.rle.mit.edu/qp/

L Bernstein et al, ArXiv:2205.09103 (2022)
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https://arxiv.org/abs/2205.09103
https://arxiv.org/abs/2203.05466
https://www.nature.com/articles/s41586-020-2764-0


Error correction techniques in Mach Zehnder Meshes

32

Numerical 
Optimization

Nonlinear optimizer: eg  minimize 
norm |U – U

0
|

Burgwal et al., OE 25, 28236 
(2017)
Mower et al., PRA 92, 032322 
(2015)
Pai et al., PRApp 11, 064044 
(2019)

(+) Works for arbitrary meshes
(‒) Slow
(‒) Needs pre-calibration
      (knowledge of MZI errors)

“Local” EC

Given errors, find (θ,φ) 
that fix them per-MZI.

Bandyopadhyay et al., Optica 
8, 1247 (2021) 

(+) Arbitrary meshes
(+) Fast
(‒) Needs pre-calibration

In-situ Training

Adjoint-related method.  
Send input & weight 
gradient, get gradients in 
internal detectors.

Hughes et al., Optica 5, 864 
(2018)

(+) Arbitrary meshes
(‒) Slow, per-device training
(+) No pre-calibration
(‒) Additional O(N2) detectors

Progressive 
Methods

Adjust MZIs one-by-one to match 
certain I/O modes.

Miller et al., OE 21, 6360 (2013)
Miller et al., Phot Res 1, 1 (2013)
Miller et al., OE 25, 29233 (2017)

(‒) Only triangular meshes
(+) Fast
(+) No pre-calibration
(‒) Additional O(N2) detectors



Question: Can one construct “perfect” photonics from imperfect 
components?  And can it be done efficiently? 

36

MZI S-MZI [1] Miller [2] Suzuki [3] 3-MZI MZI+X

Passives 2 2 4 3 3 3

Actives 2 2 4 3 2 2

Area 1.0 0.8 2.0 1.5 1.2 1.2

Self-config Y - Y Y Y Y

Broadband - - - - - Y

Perfect - - Y Y Y* Y*†
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S. Bandyopadhyay, Optica 8, 1247 (2021)
Hamerly et al., arXiv:2106.03249 (2021)

Ryan Hamerly, Saumil Bandyopadhyay, DE, arXiv: 2109.05367 (2021)

yes with caveats*
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● A Renaissance in Physics of Computing ? 

● Programmable photonic integrated circuits (PICs)

● EC in hardware compute, training: → “error-free optics” 

● EC in ML in-situ training?  

● Fully integrated on-chip inference

● Computing Across the Internet’s Edge: Tops/sec @mW on edge devices

● Single-shot NNs: 20,000 MACs / 20 fs: Exascale computing

● Microlaser-based Coherent Scalable Efficient deep Learning ~ fJ/OP and 25 TeraOP/(mm2· s)

● Quantum optical neural networks: signal processing on quantum states
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Z. Chen et al, CLEO 2022

R. Davis et al, CLEO 2022

ArXiv:cs.ET cs.LG 2205.09103 

(2022); to appear in Science 

(2022)

arXiv:2203.05466 (2022)

S. Bandyopadhyay, Optica 8, 1247 (2021)
Hamerly et al., arXiv:2106.03249 (2021)

R Hamerly, S Bandyopadhyay, DE, arXiv: 2109.05367 (2021)

Review: G Wetzstein et al,  Nature 588 (2020) 
Review: W Bogaerts et al, Nature 586, 207–216 

(2020) 

Positions available in theory & experiment: https://www.rle.mit.edu/qp/

L Bernstein et al, ArXiv:2205.09103 (2022)
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See Saumil’s talk coming up

https://arxiv.org/abs/2205.09103
https://arxiv.org/abs/2203.05466
https://www.nature.com/articles/s41586-020-2764-0
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● A Renaissance in Physics of Computing ? 

● Programmable photonic integrated circuits (PICs)

● EC in hardware compute, training: → “error-free optics” 

● EC in ML in-situ training?  

● Fully integrated on-chip inference

● Computing Across the Internet’s Edge: Tops/sec @mW on edge devices

● Single-shot NNs: 20,000 MACs / 20 fs: Exascale computing

● Microlaser-based Coherent Scalable Efficient deep Learning ~ fJ/OP and 25 TeraOP/(mm2· s)

● Quantum optical neural networks: signal processing on quantum states
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Z. Chen et al, CLEO 2022

R. Davis et al, CLEO 2022

ArXiv:cs.ET cs.LG 2205.09103 

(2022); to appear in Science 

(2022)

arXiv:2203.05466 (2022)

S. Bandyopadhyay, Optica 8, 1247 (2021)
Hamerly et al., arXiv:2106.03249 (2021)

R Hamerly, S Bandyopadhyay, DE, arXiv: 2109.05367 (2021)

Review: G Wetzstein et al,  Nature 588 (2020) 
Review: W Bogaerts et al, Nature 586, 207–216 

(2020) 

Positions available in theory & experiment: https://www.rle.mit.edu/qp/

L Bernstein et al, ArXiv:2205.09103 (2022)
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See Alex Sludd’s talk 
coming up

https://arxiv.org/abs/2205.09103
https://arxiv.org/abs/2203.05466
https://www.nature.com/articles/s41586-020-2764-0
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● A Renaissance in Physics of Computing ? 

● Programmable photonic integrated circuits (PICs)

● EC in hardware compute, training: → “error-free optics” 

● EC in ML in-situ training?  

● Fully integrated on-chip inference

● Computing Across the Internet’s Edge: Tops/sec @mW on edge devices

● Single-shot NNs: 20,000 MACs / 20 fs: Exascale computing

● Microlaser-based Coherent Scalable Efficient deep Learning ~ fJ/OP and 25 TeraOP/(mm2· s)

● Quantum optical neural networks: signal processing on quantum states
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Z. Chen et al, CLEO 2022

R. Davis et al, CLEO 2022

ArXiv:cs.ET cs.LG 2205.09103 

(2022); to appear in Science 

(2022)

arXiv:2203.05466 (2022)

S. Bandyopadhyay, Optica 8, 1247 (2021)
Hamerly et al., arXiv:2106.03249 (2021)

R Hamerly, S Bandyopadhyay, DE, arXiv: 2109.05367 (2021)

Review: G Wetzstein et al,  Nature 588 (2020) 
Review: W Bogaerts et al, Nature 586, 207–216 

(2020) 

Positions available in theory & experiment: https://www.rle.mit.edu/qp/

L Bernstein et al, ArXiv:2205.09103 (2022)
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https://arxiv.org/abs/2205.09103
https://arxiv.org/abs/2203.05466
https://www.nature.com/articles/s41586-020-2764-0
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Single-shot ONN

Liane Bernstein, Alexander Sludds, Christopher Panuski, Sivan Trajtenberg Mills, Ryan Hamerly, and Dirk Englund, 
Scalable Ultralow Latency Photonic Tensor Processor, CLEO, IEEE, May 19, 2022, STh5G.7.

Classification 
accuracy of 

10,000 MNIST 
test set images

Optical      Ground truth
   94.7%           96.3%

Theoretically the optics supports operation 
w/ ~20fs pulses
20,000 MACs / 20 fs → ExaFLOP/s??

.. but hold on! that’s a single 
query, but how many queries 
per second?! For this we need 
fast 2D transmitters..



Answer: 

The arrival of scalable control by analog photonic integrated circuits (APICs) 

55

The arrival of scalable control by analog photonic integrated circuits (APICs) 

55

3 mm

400 μm

20 μm

1Mark Dong et. al . 2021. Nature Phot. (2021)
2Adrian Menssen, Artur Hermans,  et. al. 2022 
CLEO (2022); to be published (2022)

MIT-Sandia National Laboratory - MITRE - Harvard 
Separately: QuEra - SNL

16 programmable projection fields, 
16 x 10 GHz bandwidth 

Mod rate > 5 GHz,

Pulse area error σ< 1%

Low voltage (<3V)

Scalable >>16 channels

> 30 dB contrast

MIT QP + 

16-CH APIC lithium niobate on insulator3

3Ian Christen et al, CLEO (2022), to be published

ns 
frames

10 B modulators per wafer

4 C. Panuski et al, arXiv:2204.10302 (2022)

16-CH APIC2  in 200 mm CMOS 
fabrication process1  

2D Spatial Light Modulator with ns 
switching rate; Si demonstrator 4:

Pmod(fJ/µm2)

Mod rate > 200 MHz,

Pulse area error σ< 1%

Scalable (16+ channels)

> 105 channels per tapeout

> 30 dB contrast
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● A Renaissance in Physics of Computing ? 

● Programmable photonic integrated circuits (PICs)

● EC in hardware compute, training: → “error-free optics” 

● EC in ML in-situ training?  

● Fully integrated on-chip inference

● Computing Across the Internet’s Edge: Tops/sec @mW on edge devices

● Single-shot NNs: 20,000 MACs / 20 fs: Exascale computing

● Microlaser-based Coherent Scalable Efficient deep Learning ~ fJ/OP and 25 TeraOP/(mm2· s)

● Quantum optical neural networks: signal processing on quantum states
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Z. Chen et al, CLEO 2022

R. Davis et al, CLEO 2022

ArXiv:cs.ET cs.LG 2205.09103 

(2022); to appear in Science 

(2022)

arXiv:2203.05466 (2022)

S. Bandyopadhyay, Optica 8, 1247 (2021)
Hamerly et al., arXiv:2106.03249 (2021)

R Hamerly, S Bandyopadhyay, DE, arXiv: 2109.05367 (2021)

Review: G Wetzstein et al,  Nature 588 (2020) 
Review: W Bogaerts et al, Nature 586, 207–216 

(2020) 

Positions available in theory & experiment: https://www.rle.mit.edu/qp/

L Bernstein et al, ArXiv:2205.09103 (2022)
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https://arxiv.org/abs/2205.09103
https://arxiv.org/abs/2203.05466
https://www.nature.com/articles/s41586-020-2764-0


What could a DNN do with a quantum nonlinearity? 

information flow:

physics 
implementation:



A Quantum Optical Neural Network (QONN)

641. G. Steinbrecher et al,  NPJ Quantum Information Processing 5  (2019)
2 M Heuck, K. Jacobs (ARL), DE, PRL 124 (2020);     3. S. Krastanov et al, N COMM 12 (2021)

Supervised training1 → 

● Quantum optical 
state compression

● Reinforcement 
learning

● Black-box 
quantum 
simulation

● One-way quantum 
repeaters

*Bound Optimization BY 
Quadratic Approximation 
- M Powell (2009)

*

Nonlinearities: atoms, artificial atoms, QDs, 
molecules, or bulk optical NL2,3
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