
Neuromorphic Computation and the Reservoir: From Theory to Device

General intelligence and cognitive learning have not yet been fully realized in
today’s computers, which are based on the Boolean logic and the von
Neumann architecture. In contrast to biological systems, today’s computers
are less energy-efficient by a factor of one million to one billion for managing
difficult real-world environmental problems such as image or speech
recognition.

To deal with this challenge, a new computing paradigm that emulates the
brain, namely, neuromorphic computing, is being vastly explored. This
approach generally takes the advantage of massive parallelism in neural
networks, with the goal of achieving energy-efficiency, robustness, and
inherent error-tolerant potential.
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To overcome the limitations of classical reservoir computing, one central
connectivity matrix could can be employed that takes in the input, the target, and
the output of the reservoir, and gives out information to the controller, the
supervised learning algorithm, and back to the reservoir. The weights of this
matrix would be changed continuously by the controller aiming to optimize the
computations to increase its future rewards. We call this matrix the switchboard.
This architecture is a general framework for the optimal exploitation of large
fixed neuromorphic reservoirs. Its success depends strongly on the quality of the
employed reinforcement learning algorithm.

▪ Memristors
Similar to resistors, memristors are
electrical components, but their
resistance changes depending on the
past electric flux.

▪ Spintronics

Spintronics is similar to electronics but

it additionally exploits the spin of the

electron.

▪ Photonics

Photonic or optical circuits use light

for computation. Alloptical high-speed

reservoirs were successfully tested in

8-bit-pattern-recognition tasks with

bit rates of up to 160 Gbps.

▪ Atomic Switches

Self-assembled Silver nanowire based

atomic switch network reservoirs with

one input and 16 outputs that were

successfully tested in simple waveform

generation tasks.
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