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PHOTONIC RESERVOIR COMPUTING 
USING DELAY DYNAMICAL SYSTEMS 

The recent progress in artificial intelligence has spurred 
renewed interest in hardware implementations of 
neural networks. Reservoir computing is a powerful, 
highly versatile machine learning algorithm well suited 
for experimental implementations. The simplest high-

performance architecture is based on delay dynamical systems. We illustrate its power through 
a series of photonic examples, including the first all optical reservoir computer and reservoir 
computers based on lasers with delayed feedback. We also show how reservoirs can be used to 
emulate dynamical systems. We discuss the perspectives of photonic reservoir computing.
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NEURAL NETWORKS
The next decades will see dramatic 
evolutions in information proces-
sing technology. The exponential 
improvements of computers known 
as Moore’s law is expected to end. 
Therefore, in order for performance 
to continue to improve, one will have 
to devise computing systems based 
on entirely new architectures and/or 
components. One of the most promi-
sing approaches is to take inspiration 
from the biological brain. The brain is 
able to do remarkable computations, 
whose underlying algorithm we do not 
understand, with very low footprint 
and energy consumption. The brain’s 
architecture is completely different 
from the von Neumann architecture 
used in digital computers. It is based 
on a very large number (1010) of slow 
(ms time scale) neurons, massively 
connected together, working in pa-
rallel. Thus, an alternative exists.

During the last decades artificial 
intelligence has made dramatic pro-
gress. It enables computers to equal 
or surpass humans at tasks such as 
image recognition or game playing. 
These algorithms are most often 
based on artificial neural network (i.e. 
brain inspired). They can be viewed as 
a group of interconnected nonlinear 
nodes (neurons) on which input si-
gnals are applied.

Because such artificial neural 
networks are fundamentally analog 
systems, one expects that significant 
savings in energy consumption and 
footprint could be achieved by imple-
menting them in analog, rather than 
digital, hardware. This old dream is 
attracting renewed interest. Photonics 
is a promising area in which to realize 
such analog neural networks. Indeed, 
photonics allows one to implement 
high-performance systems and can 
in principle allow for much higher 

speed of operation than electronics, 
with a high degree of multiplexing. 
Photonic information processing sys-
tems would find a natural area of ap-
plication in telecommunications. It is 
still too early to know if such promises 
will be realised. In the following, we 
sketch some recent work on photonic 

Figure 1. 
Schematic of a delay dynamical system. The 
nonlinear node is the sensory and motor 
system of the person under the shower. The 
delay is induced by the pipes between the 
faucets and the shower.
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neural networks based on the reser-
voir computing paradigm.

RESERVOIR COMPUTING
In general, it is very difficult to op-
timize all the links (inputs to neu-
rons, interconnections between 
neurons, neurons to output) in a 
neural network. Indeed, the most 
general neural networks are recur-
rent networks, i.e. networks that 
have feedback loops. But training 
recurrent networks is hard, because, 
as one changes the interconnection 
weights of a recurrent network, one 
may suddenly enter new dynamical 
regimes. The system may start oscilla-
ting or become chaotic. Such changes 
completely modify the behaviour of 
the network and severely impair its 
information processing capability. 
Training mechanisms cannot cope 
with such brutal changes. Therefore, 
most neural networks use simpler 
architectures. For instance the deep 
learning neural networks behind the 
recent dramatic progress in artificial 
intelligence are based on feed forward 
networks without any recurrences.

Reservoir computing [1] uses re-
current networks, but in a way that 
circumvents the above problems. In 
this approach, the interconnections 
between neurons are fixed and chosen 
randomly. This network of connec-
ted neurons, called the Reservoir, 
is driven by a time-dependent si-
gnal. The strength of the connection 
between neurons is adjusted by a 
global scaling to a regime where the 
network will respond deterministical-
ly, but in a nonlinear way, to the input 

signal. The only part of the reservoir 
computer that is trained is the output 
layer, i.e. the connection between the 
reservoir and the output neurons. This 
training is easy because there is no 
feedback between the output and the 
reservoir. For instance, one can drive 
the reservoir with a speech signal, and 
train an output neuron to have a high 
level (corresponding to 1) if a certain 
word is pronounced, and to have a low 
level (corresponding to 0) otherwise. 
This approach is not as powerful as 
the deep networks mentioned above 
and is no longer the state of the art 
in machine learning. But it does have 
very good performance on tasks such 
as speech recognition, time series pre-
diction, etc. 

Reservoir computing is a flexible 
approach. The fact that the networks 
can be chosen randomly means 
that there is no need to use biolo-
gically realistic neurons. Most high 
dimensional dynamical systems 
should work, provided the strength 
of the nonlinearity can be tuned to 
bring the system slightly below the 
threshold for spontaneous oscilla-
tions or chaos. This flexibility makes 
reservoir computing particularly well 
suited for experimental study.

DELAY DYNAMICAL SYSTEMS
Delay dynamical systems can be 
found in biology, chemistry, physics, 
engineering. A simple example is the 
regulation of the temperature in a 
shower, see Fig. 1. Imagine you are 
taking a shower, and the water is too 
cold. You turn the hot water faucet. 
There is a delay between your action 
on the faucet, due to the length of pipe 
between the faucet and the shower, 
and the change in temperature of the 
water. If you have turned the faucet 
too far, the water may become bur-
ning hot after that delay. So you swit-
ch off the hot water faucet. Now, it is 
freezing cold. If you continue, you 
may oscillate indefinitely between a 
too hot and a too cold shower, without 
ever reaching the right temperature.

This is a typical example of a delay 
dynamical system. Your action on the 
system at time t depends on its state 
at an earlier time t-T (here T is the de-
lay induced by the pipes). As the exa-
mple shows, such systems can have 
highly complex dynamics. They can 
exhibit oscillations and even chaos. 
Furthermore, they are very high di-
mensional systems, since the state 
of the system at time t depends on 
all the past history between t and t-T.  

Figure 2. 
All-optical reservoir computers based on delay dynamical systems. Left, schematic of the first 
all-optical reservoir computer [3] operating in incoherent light. Right, schematic of a reservoir 
computer based on a semiconductor laser with delayed feedback [4]. In both experiments the 
masked input is encoded using a Lithium Niobate Mach-Zehnder intensity modulator (MZ). 
Fiber optics components are in orange. The nonlinear node which is essential for in reservoir 
computers is represented in blue. Super-luminescent Light Emitting Diode (SLD), Attenuator 
(Att), Semiconductor Optical Amplifier (SOA), Laser Diode (LD).
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Delay dynamical systems are rather 
easy to implement and study experimen-
tally, because they require only a delay 
loop and a nonlinear node through which 
the feedback acts. In the example, the 
delay is the pipe, and the nonlinear node 
is the combination of your sensory and 
motor system. 

DELAY SYSTEMS AS RESERVOIRS
The rich dynamics, high dimensionality, 
and ease of experimental implementa-
tion make delay dynamical systems good 
candidates for reservoir computers. How 
does one transform a delay dynamical 
system into a reservoir? The answer is 
to divide the delay loop of length L=vT 
(with v the speed of propagation around 
the loop) into N intervals of length L/N 
and duration θ=T/N, and consider each 
interval as a ``neuron’’ [2]. In this way, 
we create a large number N of neurons 
(typically N ranges between a dozen to 
several hundreds). We then drive the 
delay system with the input signal u to 
which we apply a sample and hold proce-
dure so that the input is held constant 
during a delay T. 

However, this procedure is not suffi-
cient, because all the N neurons would be 
identical, all having the same behaviour. 
To solve this issue, a masking procedure 
is applied: the input u is multiplied by a 
mask m(t) which is periodic of period T. 
In this way, each neuron is multiplied by a 
different value of the mask, and therefore 
exhibits different dynamics. The Table of 
Content Graphics represents schematical-
ly the masking procedure and the neurons 
distributed along the delay loop.

In order to further improve perfor-
mance it is necessary to couple the neu-
rons together. Two solutions have been 
proposed. The first is to introduce a low 
pass filter in the delay loop with time 
constant comprised between T and θ. 
The second is to slightly desynchronize 
the time during which the input is held 
constant and the round-trip time T.

The output of the reservoir is obtained 
by measuring the system during a time 
T, thereby collecting the states of the N 
neurons. The output is a linear combina-
tion of these N states, with the weights of 
the linear combination adjusted through 

a training procedure.

ALL-OPTICAL RESERVOIR 
COMPUTER
These principles were used to build the 
first all optical reservoir computer [3]. It 
consists of a fibre optics delay dynamical 
system operating in the telecommunica-
tion C-band, see Fig. 2. This first system 
operated using incoherent light. An elec-
tronic signal corresponding to the time 
dependent input multiplied by the input 
mask is generated electronically and 
drives an intensity modulator thereby 
producing a time dependent input optical 
signal whose intensity is adjusted with a 
variable attenuator and which is then is in-
jected into the fiber loop. The delay dyna-
mical system consists of a Semiconductor 
Optical Amplifier (SOA), a variable optical 
attenuator, and a fiber spool that acts as de-
lay line. The SOA operating near saturation 
acts as nonlinear node. The cavity operates 
below the lasing threshold. A tap coupler 
followed by a readout photodiode is used to 
measure the neurons. The round trip time 
of the delay system was T=7.9 µs, corres-
ponding to the time needed to process one 
input. The number of internal nodes, i.e. 
neurons, was varied between N=50 to 200. 
The output of the reservoir was computed 
off-line on a digital computer. The system 
was used for a telecommunication ins-
pired task, the equalization of a nonlinear 
communication channel, and for a simple 
speech recognition task, the recognition of 
isolated spoken digits. 

RESERVOIR COMPUTER BASED  
ON SEMICONDUCTOR LASER  
WITH DELAYED FEEDBACK
Semiconductor lasers are the most com-
mon type of lasers, with a wide range of 
applications such as telecommunication, 
material processing, etc. Semiconductor 
lasers submitted to optical feedback have 
a rich dynamic which has been intensively 
studied. In reference [4] the nonlinear res-
ponse of a semiconductor laser subject to 
feedback was used as reservoir, see Fig. 2. 
The external input was injected as a mo-
dulated optical field and the output layer 
was implemented off-line after detection. 
The optical feedback loop had a delay of 
T=77.6 ns. It was used to classify spoken 
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digits and to forecast chaotic time 
series. Subsequent work focused on 
increasing the speed of such systems 
and integrating them on a Photonic 
Integrated Circuit (PIC). Recently a 
compact and robust chip based reser-
voir was demonstrated by integrating 
a semiconductor laser and a 5.4 cm 
delay line (corresponding to a time 
delay of T=1.2 ns) on an InP photonic 
chip [5]. This reservoir accommodates 
N=23 neurons and showed good per-
formance on tasks.

USING RESERVOIRS TO 
EMULATE DYNAMICAL SYSTEMS
Let us imagine you would like to pre-
dict future samples of a time series, 
such as the evolution of the stock 
market, or the output of a dynamical 
system. Reservoir computing provi-
des a very powerful way to achieve 
this goal [1]. All you need is a record 
of the time series during a sufficient-
ly long period of time. First, you drive 
the reservoir with the recorded time 
series and train the reservoir to pre-
dict the time series one-time step 
ahead. When you reach the end of 
the recorded time series, you feed the 
one-time step ahead prediction back 
into the reservoir as input signal. In 
this way the reservoir becomes an au-
tonomous system that can predict the 
time series a second time step ahead. 
Continuing like this, you will predict 
the long-time behaviour of the time se-
ries. Due to noise and limited precision 
your prediction will diverge after some 
time from the true time series, but it 
will be similar to the original time 
series. The reservoir, with its output 
feedback as input, is now emulating 

the dynamical system you were trying 
to predict. This remarkable behaviour 
has been studied theoretically [1] and 
experimentally [6], see Fig. 3.	
 

CONCLUSION
Reservoir computing, because of its 
versatility and ease of implementa-
tion, has allowed experimental imple-
mentations of neural networks with 
performances comparable to digital 
implementations. The architecture 
based on delay dynamical systems 
is behind much of this progress, as 
it simplifies the experimental system 
which consist only of a delay line and 

a non-linear node. However, such 
implementations have an inherent 
limitation, because all neurons are 
processed sequentially, which slows 
down overall operations. An impor-
tant current objective is to develop ar-
chitectures in which all neurons are 
processed simultaneously. Increasing 
speed, decreasing footprint, broade-
ning the scope to other types of neural 
networks, are other important goals. 
Whether such analog neural electro-
nic or photonic networks will find ap-
plications remains to be experienced. 
Today they are very exciting research 
topics, at the boundary between tech-
nology and artificial intelligence. 
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Figure 3. 
Reservoir computer used to emulate a chaotic system (adapted with permission from 
[6]). The optoelectronic reservoir is schematized on the left. Fiber optics components are 
in orange, electronic components are in black. The nonlinear node is a Mach-Zehnder 
modulator. The output is computed online using a Field-Programmable Gate Arrays (FPGA) 
coupled to an Analog-to-Digital Converter (ADC) and a Digital-to-Analog Converter (DAC), 
and then reinjected as input into the reservoir. Right, output of the reservoir when used to 
predict the trajectory of the Lorenz system. Initially (up to approximately t=100) the reservoir 
output (in orange) follows faithfully the trajectory of the Lorenz system. Afterwards the 
trajectories diverge, but stay similar to the trajectories of the Lorenz system. 


