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“Tell me about the problem of the 
increasing energy consumption of AI…”





Photonics for AI

Exponentially Increasing compute demand for AI tasks
Limited gains from Moore’s Law due to energy consumption and end of Dennard scaling
Proliferation of edge computing applications with severe size, weight and power (SWaP) constraints

>> Can photonics provide a way out of this problem? <<



Three important facts guide design of accelerators:

1.    Key metric is power consumption.
- SoA ~0.1-1 pJ/MAC (multiply-and-accumulate)

2.    Linear matrix operations (synapses) dominate.  
- O(N2) vs. O(N) scaling

3.    Data movement & memory access dominates.

[Keckler, IEEE Micro 2011; Horowitz, ISSCC 2014; Sze, Proc. IEEE 2017]

>> Can photonics provide a way out of this problem? <<

Hardware “accelerators” for AI: numerous commercial 
solutions (Google, Intel, Xilinx, Nvidia, etc.)

Electronics Photonics
Nonlinearity Easy (transistors) Hard

Memory Easy (DRAM, flip-flop) Hard

Gain Easy Easy off-chip

Communication (1/2)CV2 energy cost Free (waveguides)

Fan-out (1/2)CV2 energy cost Free (beamsplitters)

Linear algebra Hard* (BLAS, gemv/gemm) Easy (optical interference)

* In digital processors

No.

“But we’ve been here before.  Aren’t you just trying to build 
an optical computer?”

Optical computing is hard
Optical interconnects are the future

Optical neural networks are also promising.

Reasons: (a) Most of deep learning is linear algebra
(b) Linear algebra  passive linear optics
(c) High speed, low power, WDM compatible
(d) NN’s are robust against analog errors
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Photonic Error Correction 3-Layer PNP w/OEO Nonlinearity



Single-Chip Photonic Deep NN
S. Bandyopadhyay, arXiv:2208.01623

(PhD 2023, seeking employment)



“But it’s not scalable!”

1.  Too much chip area / loss / heater power / etc.

Counterpoint: 64x64 is possible with 
existing technology as of 2020

N. Harris, OFC 2020, p.W3A.3

2.  It’s analog, and analog computing doesn’t scale due to errors.



Photonics for AI: compute vs. wires

Lightmatter, HotChips 2022 Shen et al., 2017

Interconnects Computing

Digital (OOK, PAM4, BPSK, QAM)
Near-Term (i.e. now)
Impact: big
Error sensitivity: moderate

Analog (4-10 bit ENOB)
Long-term (5-10y)
Impact: bigger (if it works)
Error sensitivity: severe



Error Correction Techniques

Numerical Optimization

Throw everything into a nonlin-
ear optimizer. Minimize norm
|U – U0| (say).

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



Error Correction by Self-Configuration

Hamerly et al., arXiv:2106.03249, arXiv:2106.04363
Reck et al., PRL 73, 58 (1994)
Miller et al., OE 21, 6360 (2013)

Matrix is a product of a phase screen D
and a 2x2 block sequence W



Error Correction by Self-Configuration

Hamerly et al., arXiv:2106.03249, arXiv:2106.04363 
Reck et al., PRL 73, 58 (1994)
Miller et al., OE 21, 6360 (2013)

1. Find 2x2 rotation T11 that zeroes 
corner element X16 (in computer) 

2. Update matrix W
(in computer)

3. Inject w6* (column of W†) into device.  
Adjust (θ, φ) to null power at out[1]



EC w/3MZI

Perfect diagonalization requires 
correctly setting MZI splitting ratio s:

Incorrect s matrix X not 
diagonalized  errors in realized U N = 4 16 64 256

MZI 3-MZI









Toy Example: ONN Inference
MNIST digit dataset

Preprocessing with FFT

Filter to a 𝑁𝑁 × 𝑁𝑁 window.  
N-neuron input to our ONN.

Based on: S. Pai et al., IEEE JSTQE 26, 6100813 (2020)
I. Williamson et al., IEEE JSTQE 26, 7700412 (2020)

2-layer ONN.
𝑁𝑁 × 𝑁𝑁 Clements meshes.
Electo-optic nonlinearity.



Scalable Photonics ⇔ Robustness 
Results

• Hardware Errors limit the 
scalability of photonics

• Self-configuration: an effect-
tive error correction strategy.

• Introduced asymptotically 
perfect mesh designs: 3-MZI 
and MZI+X.

References / Code

S. Bandyopadhyay et al., Optica 8, 1247 (2021)
R. Hamerly et al., PRApp 18, 024018 & 024019 (2022)
R. Hamerly et al., Nat. Comm. 13, 6831 (2022)
www.github.com/QPG-MIT/meshes

http://www.github.com/QPG-MIT/meshes
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Photonic Error Correction Netcast: WDM Edge Computing



Delocalized Photonic Edge ML

A. Sludds, Science 378, 270 (2022)
R. Hamerly, SPIE Proc. ETAI, p. 118041R (2021)
R. Hamerly, arXiv:2207.01777 (in review)



Netcast: Delocalized Computing

11010111011
01001110000
10100010...

“42”

Life, the Universe, 
and Everything

Desktop Computing

CPU

Cloud Computing
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Magic-State Computing
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 Low-Power (at edge)
 Latency, Privacy
 Network

 Latency, Privacy
 High-Power (at edge)

 Low-Power (at edge)
 Latency, Privacy
 And more…



Magic States & Teleportation (QIP)

| ⟩Ψ U| ⟩ΨU

“Hard” gate

Types of Teleportation

State TP: transmit qubit from A to B using a Bell pair and classical feedforward
Gate TP: perform “hard” gate | ⟩Ψ → 𝑈𝑈| ⟩Ψ using a magic state and “easy” gates plus feedforward.

Examples:

• T gates magic state + Clifford gates
• Cubic phase gate magic state + Gaussian gates
• GKP-basis gates  GKP state + Gaussian gates

Notes:

• Still need to do the “hard” task (compute | ⟩Ψ or get magic state)
• But teleportation reorders computation, shifts burden to state generation, 

making computer more flexible:
- Allows non-deterministic protocols (KLM, magic state distillation)
- Facilitates fault-tolerance w/high QEC threshold
- Opens up new paradigms, e.g. cluster-state MBQC

| ⟩

| ⟩Ψ

U| ⟩Ψ
A

B

“Easy” gates

=
Magic 

state (hard)



Netcast: “Classical” Magic State DL

Photonic “magic state”

R. Hamerly, Proc. SPIE OP21, p.118041R (2021); Proc. OECC+PSC (2022, Best Paper)
A. Sludds, Science 378, 6617 (2022)
R. Hamerly, arXiv:2207.01777 (in review)

An ONN architecture based on (1) weight server + client, (2) output-stationary dataflow, (3) WDM + time multiplexing, 
(4) broadband modulation & integration



Netcast Experiment: Weight Server
422mm2 (half reticle)

48 carrier depletion modulators
50 Gbps each

2.4 Tbps total bandwidth
Foundry chip (OpSIS / IME)

20 ps (50 GHz)

Weight Matrix

M. Streshinsky et al., JLT 32, 4370 (2014)



Netcast Experiment: Link

22

Weight Matrix



Dataflow & Accuracy

Very robust and accurate analog computation, 0.5% r.m.s. error (ENOB ~ 7 bits)
98.8% MNIST accuracy with 86 km deployed fiber with 3 THz bandwidth



Noise-Limited Energy Consumption
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R. Hamerly et al., arXiv:2207.01777 (submitted)

• Consistent with broad trend of experimental data
• Suggests coherent-detection version of NetCast could be far 

more (optical) energy-efficient
• Optical energy consumption most relevant in high-loss 

situations (e.g. free-space links)
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Photonic Error Correction



Coherent VCSEL Network Computing

100 µm

Z. Chen, arXiv:2207.05329,
Nat. Photonics (to appear)

PW2023 (Best Paper)
 Faculty at USC



Single-Shot Free-Space ONN

DNN experiment

~20,000 MACs/0.02ps ~Exascale throughput!

Optical: 94.7%

L. Bernstein, 
arXiv:2205.09103
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