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Information flow
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Synaptic weights Synaptic weights

human brains neural network

* recurrent connections * layer-by-layer signal processing

* information is stored in network * training by tuning synapses

* training by creating new and tuning
existing synapses

Felix Hermann eli@zurich.ibm.com =2




Synapse o = non-linear function

Information flow
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t = threshold

) A & A ¢

Layer i
WiN
Neural network Neurons
* layer-by-layer signal processing « connected by weighted connections = Synapses
* training by tuning synapses * activation is derived from evaluating activation

function for a weighted sum of inputs
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Tasks for Neural Networks

Information flow
——
recognize:
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» detect features by e.g., convolution

1
1
1
1

1] \ \ SO

I 2/ NFR ; 4 <

174 ¢ 1\ v 4 N

4 - 1}

!/ X X MY ] \

‘. :’,’ /\ HEA 'V\ 1 N

A I} 3
3 o\ 1y N
< 1y \ T H =
~ oo\ N ! ~
~ 1 \ Y n, o\ I "
", N n,! \ 1 -
N u, \ ¥ W/ \ Y /
14 A\ 1 A\ 1,
y | v. N v $ 1,7
a . . t.

Synaptic weights
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What is a Convolut
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What is a Convolution in Image Processing?

* convolution detects features, which allows for
interpretation further processing

Gao et al. IEEE ELECTRON DEVICE LETTERS, VOL. 37, NO. 7, JULY 2016
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Convolution in Neural Networks

Time

—

Xi—¢ Xi—s Xj_4 Xj_3 X;j_ X;_1 X;
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Convolution in Neural Networks

Time

—
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Xi—¢ Xi—s Xi_4 Xj_3 X;j_p X;_1 X;
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W1 Wy W3 @,

No o3 x(t) T T T x T
L _b._ b ’f§§§ .......... b__ v(t)

Delay 1 baud step
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balanced Mach Zehnder Interferometer

imbalanced Mach Zehnder Interferometer N
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Layout and Setup short line
B waveguide Multiplier delay line
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Layout and setup short path
BB metal I waveguide  Tunable coupler delay line
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oroof of principle results: Sobel filter

e 2-element kernel:

Meas. Out. in Volt

(_11) vertical

(1 —1) horizontal
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oroof of principle results: Sobel filter

* 3-element kernel:
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oroof of principle results: Sobel filter

e 4-element kernel:
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Benchmarking

. High Speed
signal
modulation

Weight RAM
E1— Data RAM

ow Speed

kernel implementation

E4— Weight RAM WeightRAM

DAC || DAC | g5~ DAC || DAC

Driver | | Drver E6— Driver | | Drver

Drver | | Drver

=N NECTTT— =Ny
Convolution Stage 2 Convolution Stage N

signal processing
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Benchmarking

Data rate (GBd)

in-house Si platform + BTO
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% = most efficient device

i _ power margin
at receiver

Data rate (GBd)

commercial Siplatform + BTO
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10 20 30
# Convolution Stages

low latency, high speed, fast kernel implementation

25 stage - devices with up to 6TOps/W are possible with today’s available technology!
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Thank you and let’s discuss
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