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ABSTRACT

This paper discusses bio-inspired neuromorphic computing
utilizing nanophotonic, nanoelectronic, and NEMS technolo-
gies integrated into reconfigurable 2D-3D integrated cir-
cuits as hierarchical neural networks. The goal is to achieve
≥ 1000× improvements in energy-per-operation compare
to the state-of-the-art implementations of neural networks
on Von-Neumann based computers. We combine nanopho-
tonic and nanoelectronic technologies to build energy-efficient
(∼ 10 fJ/b) artificial spiking neurons with required func-
tionality (spiking, integration, thresholding, reset). Photonic
interconnects exploiting 2× 2 NEMS-MZIs enables distance
independent propagation of signal with weighted addition
among the neurons as well as possibility of on-line learning ca-
pability. Using low-leakage nanophotonic and nanoelectronic
devices, and NEMS, the static power consumption of the
system can be decreased down to nearly zero. Realizing 2D-
3D phothonic integrated circuit technologies, the proposed
system can overcome the scalability limitations of current
neuromorphic computing architectures.
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1 INTRODUCTION

Large-scale computing is critical for state-of-the-art highly
expensive computations. More data intensive applications
are emerging and scaling to exascale computing is inevitable.
However, the power consumption of an exascale computer is
so high that the operation cost will be more than a billion
dollars per year. Therefore, extremely low power consumption
and highly scalable heterogeneous computing architectures
are required for addressing the future computational needs.
Bio-inspired neuromorphic hardware systems have been pro-
posed to address these challenges in Von Neumann architec-
tures. Fig. 1 illustrates the possible future computing system
combining Von-Neumann and Neuromorphic computing ar-
chitectures using 3D integrated nanotechnologies to take ad-
vantages of both detail-oriented and artificial-intelligence. In
this paper we propose an optical neuromorphic architecture
using attojoule interconnect solutions exploiting quantum
impedance conversion and nanoMEMS latching components,
nano-LED or nanolasers, nanophotonic detectors, and 3D
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Figure 1: A conceptual illustration of a possible
future computing system combining detail-oriented
and artificial-intelligence based computing combin-
ing Von Neumann and non-Von-Neumann architec-
tures. In both cases, 3D integrated nano technologies
will be essential.

integration of nano-circuits. The goal is to achieve femto-
joule per bit power consumption, paving the way to solve the
current challenges of scaling to exascale computing.

2 BACKGROUND

Deep Neural Networks running on Von-Neumann architec-
tures are mastered in cognitive tasks such as the game of
Go [1] and face-recognition [2] and surpassed human in per-
formance in some aspects. However, today’s supercomputers
consume orders of magnitude greater energy than a human
brain while processing such tasks. Therefore, more energy-
efficient architectures are required to decrease the power
consumption. In a human brain, there is approximately 100
Billion neurons, approximately 1, 000 trillion synaptic con-
nections, and a neuron is connected to up to ∼ 10, 000
other neurons. Based on [3–5], communication of neurons
consume approximately 20, 500 ATP1/bit corresponding to
1.04 fJ/bit at 32 bit/s which is extremely efficient. Also,
106 − 107 ATP/bit [3] or 50 − 500 fJ/bit is consumed by
a neuron when firing a spike which is proportional to the
length of the transmission path, because the axon is a disper-
sive and lossy medium. Recently, bio-inspired neuromorphic

1Adenosine triphosphate (ATP) is a small molecule used in cells for
intracellular energy transfer



Figure 2: (a) A simple example of a nonlinear model
of a neuron. (b) Sigmoid activation function for dif-
ferent slope parameters. (c) A proposed nanopho-
tonic neuron. (d) Illustration of the response en-
coded in spikes.

computing architectures have been proposed [6, 7]. In partic-
ular, IBM has developed TrueNorth based on 28 nm CMOS
technology and achieved 176, 000× less energy consumption
comparing to the state-of-the-art Von-Neumann hardware
system [6]. However, these approaches present the following
limitations:

∙ Lack of online training features makes the training
process energy and time consuming.

∙ Long electrical wires bring large capacitance and high
interconnect energy consumption. i.e. The TrueNorth
chip consumes 2.3 pJ/bit with an additional 3 pJ/bit
for every cm transmission.

∙ Electronic interconnect topologies are typically in four
directions (North, East, West, South) and required a
number of repeaters.

∙ 2D and single hierarchical interconnection topology
limits their scalability.

The next section discusses a bio-inspired nanophotonic
architecture that can tackle some of the above challenges.

3 PROPOSED ARCHITECTURE

In a recent article [8], assuming ∼ 19 dB (80×) link loss
budget and ∼ % wall plug efficiency of the light source,
approximately 10 fJ/b interconnect is practically presented.
This interconnect solution exploits quantum impedance con-
version [9] where signal is transmitted in a close integra-
tion with electronics with ∼ 1 fF capacitance, instead of
charging large interconnect capacitances. We propose then a
nanophotonic neuron with 10 fJ/b energy efficiency (Fig. 2).
Using nanophotonic repeaters, the proposed nanophotonic
neurons can be connected to 10 − 100 low-loss waveguides
providing distance-independent communication among neu-
rons. Reconfigurable photonic interconnects can be formed
using nanoMEMS (NEMS) to form hierarchical synaptic in-
terconnects that are able to remember the synaptic weights
using NEMS components (Fig. 3). We can conquer the scala-
bility limitation by 2D and 3D photonic integration of the

nanophotonic neurons. Silicon CMOS compatible 2D and
3D integrated circuit technologies paves the way to achieve
manufacturable energy-efficient computing systems in the
future (Fig. 4).

Figure 3: A 3-layer Nanophotonic Neural Network
with Nanophotonic Neurons at each node and the
self-optimizing nanophotonic neural network with
2x2 NEMS-MZI between each layer.

Figure 4: (a) Multi-layer nanophotonic neural net-
work computing platform in a 3D nano-integrated
circuit. (b) Hierarchical clustering for scalable com-
puting.
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