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Photonic Al Chip Based on optics/photonics
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This futuristic drawing shows

programmable nanophotonic processors
> . integrated on a printed circuit board and

carrying out deep learning computing.
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New system allows optical “deep learning” VC-backed startups
Neural networks could be implemented more quickly using new photonic technology. from MIT
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‘ Outline

¢ Hardware-Efficient

ONN Architecture ' FFT-ONN [ASP-DAC’20]
FFT-ONN v2 [TCAD’20]
Squeezelight [DATE’21]

ONN
Architecture Design
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HARDWARE



Optical Neural Network (ONN) Processor

¢ Light in and light out (analog computing)
> Speed-of-light floating point matrix-vector multiplication
> >100GHz detection rate
) Ultra Iow energy consumptlon when conflgured
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Our FFT-based ONN [Gu+, ASP-DAC’20, BPA]

¢ Efficient circulant matrix multiplication in Fourier domain
N - mn
¢ 2.2~3.7x area reduction, no accuracy loss O(m? + n?) | — [0 (Tlogz k)]
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Our FFT-based ONN [Gu+, ASP-DAC’20, BPA]

4.0 3.7

¢ Advantages
y  2.2~3.7x smaller than MZI-ONN
> Without accuracy loss
> More robust & lower latency
» Lower network depth

Normalized Area

Model 1 Model 2 Model 3 Model 4
mSVD mTXU mOurs w/o Prune = Ours w/ Prune

¢ Remaining issues
> CNN: not support efficient convolutional neural networks (CNNs)

>  Power: no significant power improvement in device tuning power

> Expressivity: not fully-explore the learnability of the structure with fixed OFFT



Proposed Frequency-Domain ONN [Gu+, TCAD’20]

¢+ From fixed FFT to general frequency-domain transform (FFT-ONN v2)
¢ From real spatial matrix to complex frequency-domain matrix

¢+ WDM-based highly parallel CNN

¢ More learning expressiveness and optimization flexibility
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Learnable Frequency-Domain Transform

¢+ Not necessary to use Fourier transform T
> Fixed topology + trainable unitary block

+ Not necessary to use inverse transform 71
> Arbitrary original and reversed transforms

¢+ Automatically learn the best transform pair

¢+ Sparsify the phase shifters with pruning
> Smaller footprint
> Lower power
> Less noise
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Experimental Results

¢ MLPs: with learnable transforms and pruning
y  2.2x smaller area than FFT-ONN; ~7x smaller area than MZI-ONN
> >10x lower phase shifter programming power than MZI-ONN & FFT-ONN
> Much better robustness under phase noises
¢ CNNs: with learnable transforms and pruning
> 5.6-11.6x smaller than MZI-ONN
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Area Bound of Optical Neural Networks

¢+ Compact design is in demand
¢ Areais bounded by 1 MAC/MRR

How to break through

the area bound ?

MRR Neural Network Py o = Py
[Brunner+, 2016] 0
[Tait+, SciRep 2017] x=1=

W=TUZ

T Network £ [~ Network U [~ Network T

SlimmedONN
[Zhao+, ASPDAC2019]

MZl-based Neural Network

FFT-based ONN

" "/ [Gu+, ASPDAC2020]

[Gu+, TCAD2020]

Area Cost
Still a

\Concern

PCM Xbar

fnp-gH oiagonalﬁ Unitary ﬁ Tree "_'_{'P"‘ [Miscuglio+, APR2020]

Optical Spike [Shen+, Nature Photonics 2017]

[Tait+, 2016]

11



Squeezing with Multi-Operand Ring (cu+ pare21]

¢ MORR: k-segment controllers on one micro-ring
¢ Single-device vector dot- product
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MORR-based ONN: SqueezelLight [Gu+, DATE’21]

| ¢ MORR array to perform matrix multiplication + nonlinear activation
¢+ Differential rails support positive/negative neurons

f—— Q/2=N/(2k) columns —

Xo X1 X Xk+1 P
Positive W k\Nk wkf \ g
Rail W
2 k-1 W Wok-1 Wisr
(dq>0) Xk-1 T Z\_ Xo X2k-1 g k<_xk*2 N\
do ds da21
l l \ l ) Negative D X D X \ X w Yo
= Rail 35 ™M
Learnable Balancing Factors (d4<0) A\ D, ¥ b = @ rows
2 MORR-based Crossbar Array Differential

Output
Y X R 4 NS Ym1
Nk e NA

k*x fewer devices
k?x area reduction
2kx fewer wavelengths

¢+ Learnable balancing factors d,
> Adaptive MORR output range
> Enhanced expressivity
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MORR Sharing

[Gu+, DATE’21]

‘ ¢ Squeeze a kxk block into one MORR
> Share weights in multiple rows — share the same MORR

Xo TN\, —X1 X1 7\, —X2
______ Wo Wi Wo Wi
| fo
/lr ————— r ) W3 W3 W3 W3
1) X3 - A X5 Xo _- A X3
)
\ r3> X3 — —Xo X2 —\ —X3
Wp Wj Wp Wi
W3 W W3 W)
Block-structured matrix  Structured sub-matrix X2 il \_Xl X1 — kXO

14



Sparsity Exploration - Pruning

¢+ How to squeeze larger block into one MORR?  — e, —

»  #Operand limit on one MORR _4 j\/_ X
> Manufacturing, crosstalk, ... e e ictoo large
¢ Sparsify blocks via fine-grained structured pruning

> 4-op MORR «—- 6x6 block (33% sparsity) =

> 4-op MORR «- 8x8 block (50% sparsity) L N
> Support larger blocks with small MORR o

> Pruning-aware training W Xs N

............ —

Sparse structured sub-matrix
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Comparison: Accuracy, Scalability, Robustness

‘0 Compare with SOTA MRR-ONNs on MNIST, FMNIST, CIFAR-10
> All-pass MRR-ONN-1
> Add-drop MRR-ONN-2
¢+ Comparable expressivity
¢ 23x-32x less device usage
¢+ 8x fewer wavelength usage o L — — —
MRR-ONN-1 MRR-ONN-2 Squeezelight  SqueezeLight-P
¢+ >5x fewer parameters
> 50% sparsity
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_.100 T
> No accuracy drop % gs| |~ mronn- i T
. !5- —e— MRR-ONN-2
¢ Better noise-robustness g | —ous
- —o— Qurs-P
E —e— QOurs-PR
MRR-ONN-1 [Liu+, DATE’2019] 85

MRR-ONN-2 [Tait+, SciRep 2017] 0 0.02 vc;(r)é\ . Imeggfy 0.08 0.1
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Outline

¢ Efficient On-Chip
Learning for ONNs

\ 4

ONN
On-Chip Training

A

Efficiency T

Learnability T
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FLOPS [DAC’20]
MixedTrain [AAAI'21]

17



ONN On-Chip Training

‘ ¢+ What is ONN on-chip (on-device) training
»  In-situ accuracy recovery on non-ideal photonic integrated circuits
] .. ONN Software Training Flow
¢+ Why on-chip training
> Inaccurate software modeling
> Limited speed: ~1s per iter

Time-consuming
Inaccurate Modeling

upP TS
U 2 VH @ @n
¢ Prior on-chip training protocols
> [Hughes+, Optica’18] [Zhang+ OE’19] [Zhou+, JSTQE19] po—

> ~100x faster: ~1 ms per iter et

looc -

2 220 C """n—\-i—~—~ 0,
> Unscalable: <100 MZIs ‘Mﬁ:@:ﬁ:ﬁ_ﬁ&

£ el e e G

> Divergence issues % ~———— _ |
> Limited efficiency e

[Zhou+, JSTQE19] [Hughes+, Optica18] "



Our Method: FLOPS [Gu+, DAC’20 BPC] [NSF Workshop’20, BPA]

¢+ ONN on-chip learning via stochastic zeroth-order optimization

» Efficiency: WDM-based parallel gradient estimation
> Accuracy: Two-stage learning protocol with high accuracy
> Robustness: Robust learning under in situ device variations
[Reconfiguration Controller] <o [ Stochasotiro)::tiﬁ?i:)et:\-Order ]
e ~ s
g b CL U
M [B>— oYe A Wl o - Q0 .. O
2 s vy - vy Ny
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Akb—
[e——— V* lle =5 u —— WDM
l—— WDM-based Optical Inputs I MzI-based ONN ||, Demultiplexer

""" & Photo-dectection
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FLOPS and FLOPS+

¢+ FLOPS P2

3z —
»  Fast exploration with ZO gradient B ') Valid Hypercube

N\ e
> ngh parallelism with WDM e&—e@ First-stage Train
> Faster convergence
> May not be accurate enough

¢ FLOPS+ with SparseTune

@@ Second-stage Finetune

N
/\ ) Sampling Distribution
_/

|

|

| > /' Gradient Sample
| o1
d

» Sparse coordinate-wise fine-tuning A
> Improve accuracy via searching L
» Better convergence
% .
nn I ul 3
Q0 .. O

b - b .

© e
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Robust On-Chip Learning

+ Thermal crosstalk variations Thermal ]
» Typically not considered in software tralnlng Simulation

» Time-consuming Slow x x’
» Inaccurate Inaccurate x

> Ultra-fast: ~1 ps e

/‘fl‘e ,s&’é(\ce
. . ' oM
> Accurate: physical noise model Ultra-fast v
Accurate
ONN On-chip Learning

in situ Thermal Variation ONN Forward
® " Pn " L VvV vv—

Temperature
Temperature

¢ Built-in robustness handling on-chip

oy
st
e,
)
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Experimental Results (Efficiency & Robustness)

¢+ Efficient learning on vowel recognition task [peterding+, 1989]
»  FLOPS: 4x more query-efficient (800 k vs. 200 k)
»  FLOPS+: 2x more query-efficient (800 k vs. 400 k)
» 3% more robust than previous on-chip training approaches

1 . 1 g 100
— BFT — PSO X g7 p-eed---ooS0fware (Idedl) 1
@ 5| ——FLOPS  —— FLOPS+ S
3 . S - 93.21
£ I i‘t N : J
.E 1 'ﬂ' w | ; 9%07
= S ware
\AJW f, (Crosstalk)
0 o el = 85 i
0 100k 200k 300k [Zhou+, 2019] BFT PSO FLOPS  FLOPS+
#ONN Forward [Zhang+, 2019] Methods
ONN config: 10-24-24-6 (960 MZIs) ONN config: 10-24-24-6 (960 MZIs)
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Enhanced Solution: MixedTrain [Gu+, AAAI’21]

¢ Initialization: Hardware-agnostic offline pretraining
¢+ Deployment: Mixed active/passive regions + non-ideality
¢ In-situ Learning: Mixed training/sparsity strategies

8§ g g
Step | Step ' Step
Hardware-agnostic | g ONN Deployment — In situ Mixed-Trainin
[ Offline Pre-train ] [ (Passive/Active Mixed) g
Modulator Optimizer E)bjectivg]

Device Variation Thermal Crosstalk

Passive & Active MZIs) (Only from Active MZIs) 1.Untrainable 3.Power-free
2. No crosstalk 4. DAC-fr/ee

1. Trainable 3. Consume Power
2. Crosstalk 4. Requires DAC
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Experimental Results (Scalability & Power)

¢ Comparison with prior SOTA ZO optimizers on CNNs

Average Test Accuracy

)
)
)

).

100%
90%
80%
70%
60%
50%
40%

Ours is the only one that stably converges

Highest average accuracy with ~2.5x better scalability (2500 MZIs vs. 1000 MZIs)
>95% lower power than naive training (@« = 1) on CNN MNIST/CIFAR-10

>96% lower power than SOTA FLOPS [Gu+, DAC'20]

Cldiv.  dividiv.

Cldiv.  div. div.

i

e

Z00-Adam Z00-Newton STP FLOPS
[Chen+, AlSec’'17] [Chen+, AISec'17]  [Bibi+, AAAI20] [Gu+, DAC’20]

MNIST & FashionMNIST m CIFAR-10

SZ0O-SCD
Proposed
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To Recap: Light in Al

‘ ¢+ How to build ultra-fast (light-speed) and ultra-energy efficient optical neural
accelerators with photonic integrated circuits

» Software and hardware co-design is the KEY

ONN Design Stack

Challenges

ONN
Architecture Design

~

Scalability T
—————————
Robustness |

v

ONN
On-Chip Training

Y
A

Learnability T

Proposed

FFT-ONN [ASP-DAC’20]
FFT-ONN v2 [TCAD’20]
Squeezelight [DATE’21]

N\

Efficiency T

HARDWARE

FLOPS [DAC’20]
MixedTrain [AAAI21]
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