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An integrated analog O/E/O link for multi-channel laser neurons
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We demonstrate an analog O/E/O electronic link to allow integrated laser neurons to accept many

distinguishable, high bandwidth input signals simultaneously. This device utilizes wavelength

division multiplexing to achieve multi-channel fan-in, a photodetector to sum signals together, and

a laser cavity to perform a nonlinear operation. Its speed outpaces accelerated-time neuromorphic

electronics, and it represents a viable direction towards scalable networking approaches. VC 2016
AIP Publishing LLC. [http://dx.doi.org/10.1063/1.4945368]

Optical signals exhibit many advantages over their elec-

tronic counterparts—they consume less energy per bit, have a

greater bandwidth density per wire, and display lower cross-

talk between multiplexed channels. These physical properties

have spawned a renewed interest in the computational abilities

of optical systems. Non-traditional computing architectures

such as reservoir computing have shown significant perform-

ance gains.1–3 These improvements stem largely from the

enormous bandwidth of optical waveguides, which, for a typi-

cal telecommunications band, is around several terahertz.

Likewise, laser cavities have also been investigated for their

ultrafast dynamical properties, which can be exploited for

nonlinear processing. Many recent investigations have

focused on neuromorphic models,4–8 which can operate many

millions (>107) of times faster than their biological

counterparts.

Nonetheless, networking neurons can be challenging in

hardware. Since the number of interconnects scales with N2

as a function of the number of neurons N in a fully connected

network, electronic approaches utilize time multiplexing

strategies to allow for shared buses that prevent wire counts

from becoming unmanageable. The most popular of these is

address event representation, which assigns a unique packet

signature to each neuron.9 Unfortunately, these techniques

require multiplexers and demultiplexers that operate at a

much higher bandwidth than that of the network itself. As a

result, the fastest spiking neural networks have temporal res-

olutions in the 10s of MHz,10 and the bandwidth limitations

of electronic wires may prevent networks from ever reaching

gigahertz speeds.

The enormous bandwidth of optical waveguides may

help alleviate the speed limitations of electronic approaches.

The ability to perform weighted addition (i.e., xR ¼
P

iwixi

for inputs xi) would allow each node to receive multiple sig-

nals simultaneously. This operation—which can be viewed

as a parallelized multiply-and-accumulate—is crucial for

complex computations and also costly to implement in hard-

ware neural network models.11 Although researchers have

shown a plethora of nonlinear effects in semiconductor

lasers, none of these models have demonstrated the ability to

accept multiple inputs. As a result, networks of only a few

neurons have been studied theoretically,4,8 and the ability to

receive many inputs has not been demonstrated in a multi-

neuron experiments.12,13 In a response, a scalable network-

ing scheme based on wavelength division multiplexing

(WDM) was proposed,14 which addressed many of the issues

of cascadability and fan-in for networks of ultrafast spiking

laser neurons. However, this scheme requires wavelength

conversion between input and output, creating a challenge

for laser injection approaches.

In this paper, we experimentally demonstrate a semicon-

ductor laser neuron model that uses WDM to solve the rductor TD
[(r(a)-4838989992T26.ec.8(n66(t)0n(te)19.6to)-318.9(p6uctom)-349.1(weigh)-8.TD
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efficiency through sparse coding and the ability to operate

close to the noise floor.21 It is also the focus of recent research

in the exploration of photonic processors.16 However, spiking

behavior is considerably more complex,20 and as a result,

more difficult to emulate in hardware. In addition, there are

fewer known algorithms that can utilize spike codes effi-

ciently compared to more traditional approaches.22 Simple

continuous-time perceptron models, on the other hand, can ap-

proximate any function,23
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