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Deep Neural Networks: Current Limitations
S Value network b Tree evaluation from valuenet € Tree evaluation from rollouts —

§ Model Hardware  Power (W) Hours kWh-PUE COs2¢e Cloud compute cost
3] Transformer,,.. PI100x8 141578 12 27 26 $41-$140
§ Transformery;, P100x8 1515.43 34 201 192 $289-$981
] ELMo P100x3 517.66 336 275 262 $433-$1472
.1 BERT,.. V100x64  12,041.51 79 1507 1438 $3751-$12,571
BERT}, .. TPUV2x16 _ 96 — — $2074-$6912
NAS P100x8 151543 274,120 656,347 626,155 $942,973-$3,201,722
NAS TPUv2x1 — 32,623 — —  $44,055-$146,848
_ GPT-2 TPUv3x32 — 168 — —  $12,902-$43,008
_E [Strubell, E. et al., arXiv 2019]
* Training: 3 weeks for 340 million training steps CUGSERR IR RS s g =
* During gameplay: 1,920 CPUs, and 280 GPUs | ' \ . s :

[google.com/about/datacenters/gallery/]
[Sliver, D., Nature 2016]

Energy consumption and latency
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Deep Neural Networks: Inference
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Energy Consumption in DNNSs

Operations required for matrix multiplication:
* Multiplication
* Addition

* Memory access

} Multiply-accumulate (MAC)

I@n Aq; A13j K11 (K12 @
A-X =[Az1 Ay Ay3||Xz1 Xy X3
Az1 Azpx Azz|lX31 X3z @

;.<
|

DRAM access consumes ~100-1000x more energy than the MAC
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Specialized Hardware for DNNSs

 GPU, TPU, ASICs (Eyeriss™), etc.
* Optimized memory hierarchy for data reuse in matrix mult. & conv.

Global PE
Buffer PE fetch data to run

a MAC here State-of-the-art chips for NNs*:
Normalized Energy Cost * NVIDIA ~2 pJ/MAC
AT fi 1% (Reference) * TPU (Google) ~1pJ/MAC
0.5-1.0kB RF 1% .
* Eyeriss ~1pJ/MAC
NoC: 200 - 1000 PEs | PE ALU
100-500 kB L ALY *including memory access
| DRAM ALY M 200x
*[Sze, V. et al., Proc. IEEE 2017]
Hardware optimized for DNNsS/CNNs with 5

256 processing elements
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New Paradigm: Photonics

Low energy consumption
» Passive data transmission
» Passive fan-out

« Multiplication

High speed
* Modulators operate at 10s of GHz

 Data transmission
at the speed of light

[Xiao, Y. et al., ACP 2018] codeseeder.com
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Past Work: Optical Neural Network (All On-Chip)
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* Fast

* Very low energy
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e But requires (N?)
phase shifters

\

Difficult to scale
60 pm B SU@) core @ bommc neurons

[*Shen, Y., *Harris, N.C., Skirlo, S., Prabhu, M., Baehr-Jones, T., Hochberg, M., Sun, X., Zhao, S., Larochelle, H., Englund, D., and Soljacic, M., Nature Photonics 2017]



New Approach: HD-ONN

Want to achieve scalable ONN with combined advantages of:

* Free-space optics

* Nanophotonics
e Electronics

Photoelectric
multiplication

yan v
N

(+1)x(+1) = (+1)

Homodyne
detection

Time multiplexing

X1 X3
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[Hamerly, R.,

Free-space optical
propagation

Bernstein, L., Sludds, A., Soljacic, M., Englund, D., PRX 2019]
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Homodyne Detection
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. Optical Multiplication
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[Hamerly, R., Bernstein, L., Sludds, A., Soljacic, M., Englund, D., PRX 2019]
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Optical multiplication + copying + summation

X1- Xi4 50:50
A
2 DO
/ L1 Aq1Xq 50:50
D A
X1 X1+ » :>_
; /\ : . -~ A-Xx
® >_
s D Ak
_E}(\l_‘é Vﬁ <[ Ami
v - M multiplications
[ I B per clock
: 10




Optical routing ] .
to many clients
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Optical Matrix-Matrix Multiplication
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[Hamerly, R., Bernstein, L., Sludds, A., Soljacic, M., Englund, D., PRX 2019] 12
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Optical Matrix-Matrix Multiplication

N AN

\ 4 \ M * B multiplications
_ . er clock cycle
X \\\\\ “I-% // M p y
(N x B) 5Lk BN AW
o) N For N*M * B mults.:

> ||
Xl A

I * N clock cycles
\ * B + M transmitters
 B* M receiver pixels

[Hamerly, R., Bernstein, L., Sludds, A., Soljacic, M., Englund, D., PRX 2019] 13



Error rate

Theoretical Lower Energy Bound

(Fundamental Limit)

* Fundamental limit of optics: error due to shot noise
e Simulations of classification error on MNIST dataset

* Lowest energy cut-off = 2X canonical error rate

Energy / MAC ())

10—22 10—21 10—20 10—19 10—18 10—17 10—16
100 - Small NN (784 x 100 x 100 x 10) Noise in:
1 4 "==x. —-—- Layer1
\"\
S Layer 2
Random b\ \\ —-—== Layer 3
guess W\ — Al
\\ \
1071 ] \\ \\
] XX
$2x
103 1072 107! 10° 101! 107 103

Photons / MAC
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Energy / MAC ())
10—22 10—21 10—20 10—19 10—18 10—17 10—16

| Large NN (784 x 1000 x 1000 x 10)

Many photons
SNR large
Digital NN limit

ED!

10~ 1072 107! 100 10! 102 103
Photons / MAC 14
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Theoretical Lower Energy Bound
(Practical)

10—11
] ., | 1PYMAC (ASICs)
* Energy consumption: e
optical (shot limit) 1075 -
+ transmitter 10-14
+ receiver o o105 | LMAC S
. <
+ electronics SR
& 10°Y/ E\:f;[fx\ :
............. N S, condaver (1000 bit-ops)
Existing Emerging 10719 | \\II‘\\
1pJ/neuron  1fJ/neuron — N \~f?{ne(,fo
I, o
\\\S\ \\\\
[DAB Miller, J. Lightwave Tech. 2017] 10720 - \%\ =~
1021 L — —— ————rrr . \\.\ ————rr
101 102 103 104 10°

(assuming N = M = B) Length of activation vector, N 15
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Comparison of HD-ONN with Electronic NN Hardware

Energy and time required for matrix multiplication*

- . ® HD-ONN
— . — N\|3
Y = Ay - Xyxn N> multiplications B Eyeriss*
0.8 r w 10° ‘
0.7
0.6 1072
2
= 0.5 —
%O4 CIEJ 107
2 =
o 0.3|
Ll
0.2} 1078
0.1
0 10
N =2048 N = 256 N = 2048 N = 256

*[Sze, V. et al., Proc. IEEE 2017]

*i nC| UdeS memory aCCess COSt' Hardware optimized for DNNs/CNNs with 256 processing elements 16
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Other Considerations

10 22 10 =21 10 =20 10 19 10 18 10 -17 10 16

SmaII NN (784 X 100 X 100 X 10) Noise in:

o [ 100-:‘ T
Precision N - Laverl
] NN Layer 2
2 ] AN - -~ Layer 3
+ Shot noi t 0
ot noise g N
w101 N

T—optical input power Fox

* Optical crosstalk T T A

Photons / MAC N

T— packing of inputs and detectors

Area

\4

* Detector pixel i.e. neuron: ~(20 x 20) pum?

* Transmitter: <50 um

e Optics (lenses, beamsplitter) )

"

-20 -10 0 10 20
y from Spot Center (um) 17
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Conclusions and Outlook

* Neural networks currently limited by energy consumption and speed
 Electronic accelerators reaching the limits of digital CMOS

* Optics provides new paradigm for neural networks
and applications requiring large matrix multiplication

* Noise in analog regime (applications must be fault-tolerant)

® HD-ONN M Eyeriss
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