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Summary

In this deliverable we first introduce the reader to some relevant aspects regarding 
machine learning, neural networks, neuromorphic computing and reservoir 
computing. This introduction is meant to give backgrounds for the research path we 
are following in Task 3.1 of this project, titled Enhanced self-learning reservoir 
computing and led by the IMEC project partner. 

After the introduction, we present the choice and the development of energy-efficient 
building blocks for the proposed self-learning reservoir computing system, based on 
the integrated silicon photonics platform. In particular, we show some promising 
simulation results pointing out how our reservoir system can be implemented as a 
spiking neural network, where silicon ring resonators take the role of  neurons, while 
plastic synapses can be implemented by silicon ring resonators combined with the 
basic N-vN unit cell developed in the earlier stages of this project. Subsequently, we 
present what it has been done and the future plans regarding rigorous validation of 
the developed models employed for the simulations. Finally, we discuss an example 
of reservoir network and the corresponding time-efficient simulation.

In the Conclusion and next steps section we summarize the current status of the work 
for task 3.1 and we point out our future plans.
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1 Introduction and background

1.1 Neural networks and neuromorphic computing

Machine learning (ML) algorithms are able to learn to carry out a computational task by learning 
from examples, while traditional algorithms need all the explicit instructions to perform a given 
operation, which is a limiting requirement in several cases. For example, it is very difficult to create
a detailed and general set of instructions to distinguish a cat from a dog in a picture, while ML 
systems can be taught to do it by exposing them to a big and varied enough number of cat and dog 
pictures, called examples or samples, and by ‘telling’ the system which is a dog and which is a cat, 
i.e. providing the the gorund truth. Further intuitive explanations can be found in this video: [1].

Artificial neural networks (ANNs) are ML models vaguely inspired by animal brains, in that they 
consist of a network of nodes called neurons, which process an input signal that is propagating 
through the network (see Fig. 1). Depending on their architecture and components, ANNs can 
operate on spatial inputs (such as an image, given by an ordered collection of pixel values that are 
constant over time), temporal inputs (such as sound vibration, given by one value fluctuating over 
time) or spatiotemporal inputs (such as a video). Each neuron has a set of input connections and a 
set of output connections, and usually it only performs a single type of operation: it outputs a signal 
whose strength is given by a nonlinear function (called excitation function) of the overall input 
signal that it receives. The connections, called synapses, are weighted links between neurons. In 
particular, given two linked neurons A and B, one of the inputs of the neuron B is the multiplication 
of the output of neuron A by a value, called synaptic weight or just weight, which characterizes the 
synapse. Therefore, the weight determines how strong is the influence of the output of neuron A on 
the output of neuron B. The traditional way of teaching an ANN through examples, called training, 
consists in setting the synaptic weights so that the ANN performs the desired operation on given 
examples correctly enough. What really makes the trained ANNs (or any ML system in general) 
useful is the capability of performing the desired operation well enough also on unseen inputs, i.e. 
on examples that were not used for the training. This important property is called generalization. 

Figure 1: Schematic representing two simple examples of ANNs. On the left: a feedforward neural network, where the 
information propagates only from left to right. Networks of this type are usually employed to operate on non-temporal 
data such as images. As opposed to this example, deep neural networks are composed by several hidden layers of 
neurons. On the right: a recurrent neural network, where the information can travel backwards creating loops that give 
rise to memory. This type of network is usually employed to operate on time-dependent data, such as audio and video.
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ANNs training usually becomes more and more complicated (and more computationally expensive) 
as the ML task complexity or the network size increase, to the point that training state-of-the-art 
ANNs may require extremely high amount of energy (implying high carbon emissions) and very 
large computational resources [2,3]. Compared to the brain, whose energy consumption is similar to
a light bulb and whose overall capabilities are far superior to state-of-the-art artificial intelligence, 
today’s ANNs are extremely inefficient. On the other hand, deep learning systems (based on 
complex ANNs with long series of connected neurons that specialize in a single kind of task) are 
capable of matching or even surpassing human capabilities in many complex activities, for example
playing Chess or Go, in image recognition and even in cancer prognosis [4]. These exceptional 
results are achieved by software implementations, i.e. when the neural network is simulated by a 
computer. 

Hardware ANNs implementations, where physical neurons and synapses are fabricated and tuned, 
can operate at much higher speed and efficiency w.r.t. their software counterparts. However, today’s
hardware ANNs are affected by fabrication errors, noise, low precision in weight tuning and 
connectivity problems, so that it is difficult to fabricate and train large and sophisticated physical 
networks. These important disadvantages are expected to be significantly reduced by advances in 
material science and fabrication techniques, but a lot of work is still to be done regarding the 
development of new ANN architectures and training methods, specifically intended for hardware 
machine learning. Indeed, the most popular and powerful training approaches are based on 
backpropagation and gradient descent algorithms, which require an accurate and costant 
monitoring and tuning of the entire network activity during training. This is possible for large 
software implementations, at a high computational cost, but it is usually unfeasible or very difficult 
for hardware ANNs with a high number of neurons and synapses. Nevertheless, our brain is an 
existing example of an extremely large, efficient and powerful hardware neural network that learns 
by itself (meaning that for its learning it does not require any external monitoring and tuning by a 
training algorithm). Therefore, a lot of effort is being spent in studying how the brain works and in 
developing networks that resemble it more closely in terms of architecture and component 
behaviour, whose operation is usually referred to as neuromorphic computing (see video [5]). 

A significant step forward in this direction is made by spiking neural networks (SNNs), which more
closely mimic biological neural networks in that the information is carried by spikes with a short 
time duration. This introduces the time dimension in the ANN activity, since the timing between 
input spikes becomes important to determine if a neuron, upon being excited with a strong enough 
overall signal in a limited time interval, in turn fires a spike signal through its output connections. 
Another important characteristic of the brain, which allows it to learn and memorize, is brain 
plasticity, i.e. the capability of its network to change and adapt its properties (like connectivity and 
topology) depending on its input excitation. In particular, synaptic plasticy is the process by which  
the synaptic weight is changed by the signal that travels through the synapse. This is a crucial 
difference w.r.t. traditional ANNs training, by which the weights are externally tuned by an 
algorithm that takes into account the overall error of the network output w.r.t. to a target outcome. 
Indeed, synaptic plasticity is a more suitable way of tuning a hardware ANN, but it is not yet well 
understood how it can be exploited to train complex networks. 
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A key promise of hardware neuromorphic computing is to reduce the size and the energy 
consumption of intelligent artificial systems so that they can be directly employed where they are 
needed, following the paradigm of edge computing as opposed to cloud computing, which is today's
norm for many ANNs applications. 

1.2 Reservoir computing

Training larger and larger ANNs is increasingly challenging because of the huge number of 
examples needed and of parameters to optimize. Additional difficulties are encountered when the 
time dimension is relevant for the network training, as for tasks such as chaotic series prediction or 
speech recognition. In these cases, recurrent neural networks (RNNs, see Fig. 1 right), which are 
ANNs with intrinsic memory given by feedback loops, are usually the most suitable choice. 
However, training these systems is tipically challenging. Reservoir computing (RC, [6]) is an 
approach that allows to greatly simplify the RNNs training, while achieving state-of-the-art results 
[7]. Moreover, studies on animal brains suggest that the RC framework is exploited in higher 
cognitive functions [8].

RC systems are composed of a random dynamical nonlinear system called the reservoir (e.g. an 
untrained RNN) and by a linear readout system (such as a single-layer ANN, called perceptron) that
is the only part that is trained (see Fig. 2). When excited by a number N of different time-dependent 
input signals (here intended as monodimensional), the reservoir produces M time-dependent output 
signals that are random nonlinear transformations of the input. Usually M >> N and therefore it is 
said that the reservoir maps its input to a higher dimensional space. Then, the role of the linear 
readout is to learn how to linearly combine the reservoir output signals in order to assemble a 
function that carries out a desired task. The trick is that if a single input signal is transformed into 
many different signals, even if this transformation is chosen randomly, there is a higher probability 
that there exists a combination of those transformed signals that can approximate a desired 
operation on the input.

Figure 2: Schematic exemplifying a reservoir computing system represented as a neural network. The nodes in the 
reservoir perform a nonlinear function of their input and they are connected in a recursive fashion, i.e. the information 
can travel back and forth, creating loops. Only the connections to the readout (output) neurons are optimized during 
training, while the others are randomly chosen and kept fixed.
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However, software-based high-dimensional RC systems often require the simulation of networks 
with a higher number of neurons. This limits their scalability due to the training computational cost,
as it happens for other RNNs [7]. Nevertheless, RC comes with another key advantage: it is 
particularly suitable for hardware implementations, because it only requires detailed knowledge and
control on the linear readout, while any suitable dynamical physical system can be used as reservoir,
even if its internal states are not tunable. Hardware RC based on a variety of physical systems and 
platforms have been investigated, even though these implementations are still in an early stage of 
development. Among others, integrated photonics is a promising platform that, in spite of not being 
as developed as electronics, provides interesting advantages for neuromorphic computing:

• Energy efficient and high-bandwidth connections.

• Massive parallelism, since optical signals of different wavelength can overlap without 
interacting, and therefore they can be processed at the same time by the same circuit.

• Optical signals can carry information both through amplitude and phase modulation, i.e. 
interference effects can be exploited.

• Low-latency signal processing.

1.3 Towards integrated photonic reservoir computing with synaptic plasticity

In Task 3.1 of the Fun-COMP project we aim to develop a new hardware RC system integrated in a 
microchip (silicon photonics platform), based on a plastic photonic SNN. In particular, synaptic 
plasticity is implemented through the all-optical non-volatile memory provided by the Non-von 
Neumann (N-vN) unit-cell devices that are described in the previously published deliverables. The 
development and investigation of this kind of device is motivated by the attempt of further 
improving an already existing and working prototype of photonic integrated reservoir computer [9], 
previously developed by our group (IMEC). This existent device presents some important 
advantages: it can operate at extremely high speeds; it is energy efficient and the reservoir does not 
consume power other than the one carried by the input signals; the reservoir is a network of simple 
silicon waveguides, requiring only well established and relatively straightforward fabrication 
techniques. In spite of its simplicity, this system can carry out several tasks at a very high 
throughput, such as nonlinear dispersion compensation in telecom links and bit sequences 
recognition up to 5 bits. Here we list the main aspects that we aim to improve in the context of this 
project's task: 

• Introduce the possibility of optimizing the reservoir through network plasticity, without the 
need for explicitly adjusting the internal connection weights but letting them adjust to the 
input in a self-learning fashion.

• Increase the memory in the reservoir without relying on feedback loops but obtaining the 
required volatile memory through silicon nonlinear effects and the non-volatile memory 
through the N-vN unit-cell based on phase change materials (PCM).

• Provide the reservoir with energy efficient nonlinear nodes, where the nonlinearity is given 
by the silicon nonlinear effects. We expect increased nonlinearity to enhance the 
computational power of the system.
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In summary, we attempt to significantly improve the computational and learning power of the 
system while trying to preserve the advantages of the existing prototype. To do so we need to 
conceive a new machine learning approach that combines RC and synaptic plasticity, together with 
suitable building blocks and architecture for the physical network. Since fabricating and testing this 
kind of on-chip devices is very expensive both in terms of money and time, it is fundamental to 
build accurate and time-efficient numerical models that can simulate the systems under 
investigation. This allows to determine a promising candidate system to fabricate.

2 Results and discussion

2.1 Neural network building blocks

As we pointed out in the introduction, for our reservoir neural network we need nodes that are both 
energy efficient and nonlinear. Since photons do not directly interact with each other, nonlinear 
effects in photonics are usually obtained by changes of the light transmission properties (mainly 
light absorption and refractive index) of the medium through which the light propagates, that is the 
silicon waveguide in this case. At the optical wavelengths that we consider in this project (around 
1550 nm, widely used for optical fiber telecommunication) the optical properties of silicon can be 
easily modified by a powerful enough light signal, mainly by means of heating or free carriers 
generation. We call these phenomena silicon nonlinear effects. In any case, this nonlinearity 
requires relatively high optical powers. A way to enhance the light power only in desired and 
limited regions of the network (in what we consider the neurons) is to employ optical resonators. In 
particular we consider ring resonators (RRs, see Fig. 3 left and [10]), which are widely used in 
silicon photonics because they are compact, efficient and simple to fabricate. Due to its resonant 
behaviour, only a few specific wavelengths of light (called resonant wavelengths) can accumulate in
a RR. When this happens, the internal optical power is enhanced w.r.t. the input power by a factor 
called enhancement factor. Another useful characteristic of RRs that arises form resonance, is that 
their resonant wavelength (and therefore their response to resonant inputs) is highly sensitive to 
small changes in the light transmission of the waveguide that makes up the ring (ring waveguide). 
Therefore, silicon nonlinear effects in RRs are intensified by the enhanced light power and, at the 
same time, their influence on the RR behaviour is amplified by the high resonance sensitivity. Thus,
silicon RRs are a source of nonlinearity at low energy cost.  Moreover, the combination of 
resonance and silicon nonlinear effects provide RRs with very rich and interesting dynamical 
behaviour, to the point that few coupled RRs can generate a chaotic response to a constant and 
relatively low-power optical input [11]. Because of these characteristics, we choose to employ 
silicon RRs (with radius around 15 μmm) as neurons in the reservoir network. 

Figure 3: On the left: Schematic of an integrated ring resonator (RR). The grey lines represent silicon waveguides on a 
silica substrate. Two straight waveguides are optically coupled (evanescent coupling) to the ring waveguide. In this 
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configuration, the RR has two input ports, called In and Add, and two output ports, called Through and Drop. If the 
incoming laser light has a resonant wavelength, at each round trip in the ring it interferes constructively with itself and it
accumulates inside the ring, reaching a higher intensity. On the right: Schematic representing a RR with a layer of GST 
deposited on part of the ring waveguide, i.e. with a PCM cell providing all-optical non-volatile memory to the RR 
behaviour.

To simulate the dynamical behaviour of silicon RRs, we built a suitable numerical model using the 
circuit simulator of IPKISS (Luceda), which is a Python-based design framework for photonic 
integrated circuits. This kind of numerical model is modular and it is optimized so that it can be 
employed as building block for efficient simulations of large photonic circuits. To check if a RR 
could present, qualitatively speaking, a neuron-like behaviour when responding to an input optical 
spike, we ran several (thousands of) simulations to explore the RR parameter space. We found that a
RR with suitable characteristics can show a threshold-like behaviour similar to popular neuron 
activation functions used in software ANNs (see Fig. 4). In particular, an input spike with power 
under a threshold value is mostly transmitted through the drop port of the RR and not through the 
through port, while for powerful enough input spikes the opposite happens.

Figure 4: Neuron-like behaviour of simulated silicon RRs when excited with 1 ns optical spikes. The pulse transmission
as a function of the pulse peak power shows a threshold-like behaviour both for the through and for the drop ouput ports
of the RR.

The characteristics of RRs can be also exploited to improve the all-optical access to the non-volatile
memory provided by the PCM N-vN unit cells developed by our project partners. Indeed, similarly 
to silicon nonlinear effects, the phase of the employed PCM material (i.e. GST alloy) can be 
changed by a powerful enough light pulse, that is able to heat the GST up over its transition 
temperature. Moreover, the enhanced sensitivity provided by the resonance can increase the contrast
of the RR optical transmission for different states of the GST phase. Therefore, we choose to 
employ the N-vN unit cell as a part of a the ring waveguide (see Fig. 3 right), in order to build a 
more energy-efficient and faster plastic synapse. 

To accurately model the dynamical response of this device to optical spikes, we need to account for 
both the silicon nonlinear effects and the GST phase change at the same time. To do so, we 
developed a new time-efficient IPKISS numerical model by properly adapting and combining the 
available dynamical silicon RR model (that we use as a neuron) and an improved version of the 
basic N-vN unit cell behavioural model (described in the public deliverable D1.5) provided by our 
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project partners from UNEXE. This composite dynamical model will be referred to as RR + GST 
model. 

Preliminary simulations results show that, as expected, the efficiency and speed of changing the 
GST phase (i.e. writing on the non-volatile memory) has improved significantly. In particular, a 
large fraction of the GST layer can be turned from amorphic to crystalline by a 10 ns optical pulse 
with ~ 30 mW of power. In this case, the power consumption is around 3 times less than a straight 
waveguide with PCM (see Fig. 5), achieving a similar optical contrast of ~ 15%.

Figure 5: Example of changing the memory state (i.e. the GST phase) of the N-vN unit cell included in the dynamical 
RR model (left plots) and in a straight waveguide model (right plots). At the top: optical input power as function of 
time. At the bottom: corresponding change in GST crystallinity fraction, thanks to the heat generated by the input pulse. 
The RR resonance significantly improves the energy efficiency of the operation (~ a factor 3), considering that a similar
optical contrast (~ 15%) is achieved.

2.2 Validation of the RR + GST model used for simulations

The parameter values employed in the RR + GST model come from literature providing 
experimental validation for the silicon RR model and the PCM unit cell model separately. 
Therefore, since the physics describing the composite model is not reducible to a simple 
superposition of the two original models, there is the need to validate the obtained simulation 
results. 

A first validation comes from the comparison of the steady-state behaviour of our dynamical model 
with the prediction made through independent steady-state calculations, in order to check that the 
responses to constant and low-power inputs are as expected (see Fig. 6). For a direct experimental 
validation, together with our project partners from UNEXE and WWU, we designed a photonic chip
containing 286 RR test structures (each with different parameters, see Fig. 7 ). The chip will be 
fabricated by WWU and UNEXE and then we (IMEC) will perform the required validation 
measurements.
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Figure 6: Examples of linear and steady-state response of silicon RR numerical models with a GST cell. Respectively 
on each row: total power transmission and phase shift spectra of the Through  (blue) and Drop (red) output ports. 
Respectively on each column, spectra from: steady-state numerical calculations and the dynamical RR + GST model. It 
can be noticed that the developed model agrees very well with independent steady-state calculations.

Figure 7: View of the test RR structure designed to validate the RR + GST model employed for simulations.

2.3 An example of plastic neural network for reservoir computing operations

Matrices of coupled RRs (see Fig. 8), where normal silicon RRs and RRs with PCM cell 
respectively play the role of neuron and plastic synapse, are promising plastic SNN candidates for 
integrated photonic RC. We are currently investigating these kind of systems employing the RR 
numerical models we developed as building blocks. Since these systems have a high number of 
parameters that can significantly change the overall RC performance and since a proper 
demonstrator task and machine learning pipeline are to be found, a huge number of test simulations 
have to be run. Therefore, the computational-efficiency of simulating these networks is a crucial 
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quantity that determines the depth and the extension of the numerical investigation we can afford. 
The simulation of a 2x4 matrix comprising four rings with PCM cell takes only around 41 s to 
simulate 1 μms (calculating more than 330000 time steps) on a common laptop. Fig. 8 shows the 
input and output singnals obtained from an example simulation of the 2x4 RR matrix.

Figure 8: Schematic showing an example of 2x4 RR matrix, with 3 input and 3 output channels. The grey lines 
represent silicon waveguides on a silica substrate. The 4 internal RRs include a PCM cell (i.e. a N-vN unit cell) in their 
ring waveguide. In Fig. 9 an example of input and output signals is shown.

Figure 9: Example of input (left column) and output (right column) optical signals of the considered 2x4 RR matrix 
(Fig. 8). The distorted pulse shapes of the output signals indicate the strong nonlinearity of the system.

3 Conclusions and next steps

The numerical models developed within this Task of Fun-COMP project show that silicon ring 
resonators with and without a PCM cell (called basic N-vN unit cell within this project) are 
respectively promising synapse and neuron building blocks for an energy efficient and plastic 
spiking neural network, employable for a new kind of integrated photonic reservoir computing. In 
particular, the all-optical non-volatile memory provided by the PCM cell can provide the network 
with synaptic plasticity, making it adaptable to input optical signals. This enables the realization of 
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reservoir computing systems where the reservoir can be automatically optimized by the exposure to 
examples during training, without explicitly tuning the network parameters through a learning 
algorithm.

In a short/medium-term perspective, we aim to experimentally validate the developed models used 
for simulations and to numerically demonstrate a proof-of-concept implementation of self-learning 
reservoir computing.
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