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An integrated analog O/E/O link for multi-channel laser neurons

Mitchell A. Nahmias,® Alexander N. Tait, Leonidas Tolias, Matthew P. Chang,
Thomas Ferreira de Lima, Bhavin J. Shastri, and Paul R. Prucnal
Electrical Engineering Department, Princeton University, 41 Olden St, Princeton, New Jersey 08540, USA

(Received 9 January 2016; accepted 23 March 2016; published online 14 April 2016)

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. © 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.'™ 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,*® 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 N*
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.” 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., xz = > wix;
for inputs x;) 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.'" 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
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neurons have been studied theoretically,*® and the ability to
receive many inputs has not been demonstrated in a multi-
neuron experiments.lz’13 In a response, a scalable network-
ing scheme based on wavelength division multiplexing
(WDM) was proposed,'* 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 net-
working bottleneck and perform weighted addition of input
signals. In this architecture, a photodetector (PD) receives
optical inputs and drives an adjacent laser, which performs a
nonlinear operation and converts the signal back into the op-
tical domain. The key design innovation is a direct analog O/
E/O link that drives a laser, requiring no additional circuitry
to process the signal.'> This conversion is conventionally
associated with a high performance cost to demultiplex, digi-
tize, and remodulate signals. However, in an analog neural
processing context, the electronic link can enable wavelength
conversion without necessarily performing these costly func-
tions. Devices of this sort could be compatible with all-to-all
WDM networks (Figs. 1(a)-1(c)), free from the bandwidth
limitations of electronic interconnects.'* This configuration
has been explored in a fiber prototype'* and has architectural
similarities with Ref. 6. The system would be compatible
with more complex dynamical operations, including a vari-
ety of the models described in Ref. 16. The device has a
bandwidth of several hundred MHz and has the potential to
go up to ~10s of GHz,'” outpacing electronic approaches by
several orders of magnitude.

This experiment explores an O/E/O link with a continu-
ous perceptron-like neuron model,'® which is simpler than
more recent spike-based models explored in the hardware
community'!' and in computational neuroscience.'® A simple
neuron model includes two primary operations: a weighted
sum of input signals (i.e., x =) w;s; for weights w; and
inputs s;) and a nonlinear operation (i.e., y = f{x} for some
nonlinear filter f). The nonlinearity can vary from a simple
sigmoid to a complex dynamical system, depending on the
neural model used.?° Spiking models, which are based on
more complex nonlinear dynamics, promise better energy

© 2016 AIP Publishing LLC
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FIG. 1. (a) Schematic of a neural network node. Inputs x;, x5,x3 are weighted
and summed s.t. xs =) ,w;x;, and then experience a nonlinear function
y=f(xg). (a) Concept diagram for a processing network node (PNN). Inputs
incident from other lasers at different wavelengths ;3 are spectrally filtered
(i.e., weighted). This is followed by conversion of the total power into an elec-
tronic signal (i.e., summation) by a photodetector (PD), which drives a laser
performing a nonlinear operation. The laser is pumped with an electronic direct
current signal. The output at a new wavelength /4 feeds back into the network.
(b) Diagram of a simple network topology made possible by this architecture,
where the black arrow indicates the direction of light propagation. The PNN
above is boxed in a dotted line. Using this architecture, neurons can form all-
to-all networks by sharing a single broadcast waveguide.'*

efficiency through sparse coding and the ability to operate
close to the noise floor.>' It is also the focus of recent research
in the exploration of photonic processors.'® 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.””> Simple
continuous-time perceptron models, on the other hand, can ap-
proximate any function,” simulate any dynamical system,24
and form the basis of high-performance machine algorithms.*
Nonetheless, the O/E/O driving framework is amenable to
spiking laser models, provided they can be modulated with a
current signal.'®

Active devices were fabricated using a standard
AlGalnAs multi-quantum well epitaxial structure on indium
phosphide, designed to operate in the optical C-band. 5 um
width waveguide ridges were fabricated using a wet etch
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technique. This was followed by an electrical insulation
layer (Si0O,) through plasma enhanced chemical vapor depo-
sition, dry etching of contact windows, and metal deposition.
Samples were lapped to a 50 um thickness before being man-
ually cleaved and mounted onto custom chip-scale sub-
mounts. Submounts were fabricated on 1cm? silicon chips:
an oxide layer (SiO;) with a thickness of ~50 nm was depos-
ited on each sample to provide insulation, followed by metal
deposition. Our samples were positioned by hand and
mounted to the grounding pads via silver epoxy. This was
followed by aluminum wire-bonding between the PD and
laser. Fig. 2 shows a picture of the fully fabricated device.
Two fiber tapers were aligned to the PD and the laser in-
dependently at orthogonal angles (Fig. 2). The input was gen-
erated using a configuration similar to Ref. 26, which
consisted of a pulse pattern generator (PPG) and an array of
variable optical attenuators (VOAs) and delay lines nested
between two arrayed waveguide gratings (AWG). Since only
a single PPG signal was used for all wavelength channels,
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FIG. 2. (a) Experimental set-up, mirroring the basic processing node sche-
matic (Fig. 1(b)). Generated input signals experience different weights
through a series of variable attenuators nested between two arrayed wave-
guide gratings (AWGs). The WDM signal travels into the PD, which current
modulates an adjacent laser. The laser output is subsequently measured on a
sampling scope. (b) Picture of a fabricated device, taken under a microscope.
Active InGaAlAs device is mounted on separate grounding pads, fabricated
on a silicon submount. The top (P-side) of the PD is connected directly to
the top (P-side) of the laser with aluminum wire bonds. With proper biasing
(Vp=3V, 1, =85-95mA), optical inputs are converted into current signals,
which a directly modulated laser converts back to an optical signal repre-
senting a thresholded version of the weighted sum.
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delay lines were necessary to create independent signals on
each channel. The generated signal was power monitored by
an external high-frequency PD and oscilloscope system for
input calibration. The input signal was amplified through an
erbium doped fiber amplifier before arriving at the receiving
PD. The resulting output was then measured using a PD con-
nected to a high frequency sampling scope. Individual wave-
length channels were measured by blanking out other channels
via the VOA. A simple schematic of the experimental set-up
(amplifier and oscilloscope not included) is shown in Fig. 2(a).

Since the laser and PD shared the same top contact,
proper biasing required that separate ground pads rest under
each component. A positive bias (V,,=3V) on the photode-
tector pad ensured reverse bias operation in the PD and coun-
teraction of the forward pump current of the laser (85-95mA)
traveling across the wirebond junction. This biasing configu-
ration, in addition to allowing the PD and laser to share the
same top contact, ensured that the photocurrent signal traveled
directly into the laser. As shown in Figs. 3(i)-3(ii), our com-
posite device can receive signals from different wavelength
channels simultaneously. The output of the laser is a simple
bandwidth-limited sum of inputs. The weighting part of the
operation w;x;, though not shown here, has been demonstrated
using the same nested AWG system,”® and has also been
shown in an integrated silicon microring platform.27

Both operations of a simple neuron—a weighted sum of
input signals (x =) w;s;) and a nonlinear operation
(y =f{x})—are demonstrated in this device. This experi-
mental demonstration bridges both summation and nonlinear
operations together using a simple PD-driving principle.
Here, the nonlinear model is a simple threshold function
(i.e., a perceptron), made possible through the laser’s nonlin-
ear relationship between light and intensity, i.e., it is L-I
curve. The model only includes a simple L-I nonlinearity,
but the PD-laser driving concept could apply to other lasers
with richer dynamics, as explored in Ref. 16.

The processing node can operate in both a linear and non-
linear mode, depending on the applied bias as shown in Fig.
3(iv). This heterogeneity is useful, for example, in construct-
ing well-defined optimization functions with constraints.”® In
the linear region of the L-I curve, the laser is pumped above
threshold (/, =95 mA), and the output is a linear function of
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the input. It can be seen that the short, low amplitude pulses
are further suppressed by the bandwidth limitations of the de-
vice. In the nonlinear region (/, =85mA), lower amplitude
(i.e., shorter pulse) signals fail to breach the lasing threshold
and do not produce a corresponding output. This thresholding
property is important for the cascadability of feedforward net-
works, which requires that amplitude noise decreases during
every iteration.”” In this case of a simple sigmoid, this condi-
tion can be met if signals below a given threshold are signifi-
cantly suppressed and thus do not propagate forward. Pulse
coincidence between both channels (occurring around 43 ns)
results in a larger amplitude, a demonstration of signal sum-
mation of multiple wavelength channels. Linear summation
occurs as a result of the device being biased within the linear
region of the L-I curve (Fig. 3, right).

The bandwidth of the device (~250MHz) is limited
primarily by the photodetector in this demonstration.
Nevertheless, it still outpaces electronic approaches: only
application specific circuits have been able to reach compara-
ble levels,” while neuron-inspired approaches in field pro-
grammable gate arrays have, at best, been demonstrated at
~50-100 MHz signal bandwidths.*' Photonic approaches may
not be as miniaturizable as electronic implementations, since
photonic devices are limited by the diffraction limit of light
(~1 um). Nevertheless, they are capable of much higher
speeds and lower processing latencies. Although the metal
bridge has an associated capacitance, simulations based on an
equivalent circuit model suggest that the bandwidth is primar-
ily limited by device parasitics, which can be improved by
shrinking the contact pads or size of devices. The bandwidth
can be >10GHz with optimized device geometries, as shown
in Ref. 17. In addition, although the current implementation
involves a direct wire-bond between the PD and laser, top side
ground pads would allow the PD-laser system to be printed
monolithically, either in a III-V or hybrid silicon/III-V
platform."?

Several limitations must be investigated before such a
device is scalable to larger systems. The first requirement to
consider is cascadability: this includes the maintenance of
signal integrity (i.e., signal-to-noise ratio) and the power
required to cascade a signal from the output to input.
Although the requirements for cascadability in spiking
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FIG. 3. Left: demonstration of multi-channel summation. (i) Normalized temporal pulse profiles of three independent wavelength channels (1538 nm,
1543 nm, 1548 nm) traveling into the photodetector. Input peak optical power is ~2mW. (ii) The resulting output of the laser when biased at 95 mA. Right:
demonstration of summation and thresholding. (iii) Inputs to the device, which include two wavelength channels (1538 nm, 1543 nm). Input peak optical power
is ~7mW. (iv) Output of laser biased below and above the lasing threshold. The laser can operate in both linear (95 mA) and nonlinear (85 mA) modes by
using different regions of the L-I curve. If operated below threshold, the laser suppresses low-level signals, performing a key nonlinear operation necessary for
processor cascadability. (v) The corresponding areas of the L-I curve used by the laser during operation.
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models can be quite complex,12 threshold-like models must
simply suppress analog noise—a criterion met by the nonlin-
ear L-I curve. As described in Fig. 3, the output optical
power is reduced by nearly 20dB. This can be attributed to
free-space, polarization-dependent coupling loss, mirror loss,
and the low energy efficiency of the laser. These aspects can
be significantly improved with more optimized device geo-
metries with an on-chip waveguide network. Nonetheless,
several amplifications options exist to address this incon-
gruity, including an electronic radio frequency (RF) ampli-
fier between the PD and laser, and semiconductor optical
amplifiers within the network. Electronic RF amplifiers can
exhibit high gain (~20dB) at high bandwidths (~60 GHZ).32
However, the use of these devices would require a platform
that is compatible with both RF electronics and photonic
components. Another option is to replace the laser with a
modulator, which may reduce energy costs and increase
input sensitivity. Regardless, the power budget must be care-
fully analyzed for full system integration.

Second, there are several scalability challenges that must
be addressed for wavelength networking: filtering (i.e., the
weighting mechanism) must be integrated on-chip, laser out-
puts must have narrow spectral linewidths, and the photode-
tectors must be able to receive many signals simultaneously.
Although only three wavelengths were demonstrated here for
clarity, the device shown here is capable of receiving many
more—S8x simultaneous input channels have been tested in
experiment,”® whereas the upper bound for theoretical channel
count in silicon waveguide systems is approximately ~108.%*
To this end, there has been research in this area of using sili-
con microrings to perform weighted addition of wavelength-
division multiplexed signals.”” With regards to light genera-
tion, photonic crystal structures such as distributed feedback
gratings are able to provide the narrow linewidths necessary.'>
Active and passive devices in III-V materials and silicon,
respectively, can interface via adjacent butt coupling or fabri-
cated lithographically in a hybrid III-V/silicon platform.**

In conclusion, we have fabricated a composite device
structure that can be used as a processing node in a high band-
width photonic neural network. The enormous bandwidth of
optics is primarily exploited for network compatibility, allow-
ing for a scalable fan-in approach. Although three wave-
lengths are demonstrated here for simplicity, scaling to larger
numbers involves only the addition of more wavelengths and
tunable filters. Networks that exceed wavelength channel lim-
itations are also possible through the creation of multi-
waveguide topologies, as investigated in Ref. 14. Our device
demonstrates several important properties necessary for net-
work integration and processing, including nonlinear thresh-
olding and the summation of many distinguishable input
signals (i.e., weighted addition) simultaneously. The device
could serve as a template for future network-compatible laser
neuron models, which could potentially operate at higher sig-
nal bandwidths with more rich, robust, or efficient laser
dynamics.
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