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Abstract—Delay-based reservoir computing (RC) offers a con-
ceptually simple approach to construct an RC system, often
requiring only few components. Within this framework, one
sequentially injects input data into the RC system. This data
is time-multiplexed with a preprocessing mask to implement
virtual nodes within a delay line of the reservoir. However,
this preprocessing procedure limits the computing bandwidth
of the system. In this work, we introduce a novel photonic RC
system based on a hybrid approach of two different architectures.
We investigate a combination of a passive spatially distributed
integrated photonic RC system and a temporally distributed RC
system - containing a semiconductor laser - into a compound
architecture. Based on numerical simulations, we show that we
are able to remove the complex mask preprocessing procedure
which can ultimately increase the computing bandwidth of delay-
based reservoir computing.

Index Terms—Photonic reservoir computing, compound archi-
tecture, delay-based reservoir computing, spatially distributed
reservoir computing, semiconductor laser.

I. INTRODUCTION

THE use of artificial neural networks has gained a lot
of interest in the last decade, and is mainly driven

by the large amount of data which needs to be processed.
Typically, artificial neural networks are trained using digital
computers which rely on von Neumann architectures. As the
number of trainable parameters of these networks is seen to
increase dramatically in recent years, they can become very
memory intensive and can require a large training time and
energy consumption. Additionally, the end of Moore’s law
due to physical constraints on miniaturisation could limit the
possibility to further increase the computational capacity with
conventional electronic digital computing [1]–[4]. Photonic
implementations of neural networks are therefore receiving
considerable research interest nowadays, as these approaches
potentially offer very fast and power-efficient processing,
possibly further enhanced by the high amount of parallelism
that can be achieved in photonics through various multiplexing
schemes [5], [6].

Photonic reservoir computing (RC) represents such an ap-
proach to photonic neuromorphic computing. RC systems are a
form of recurrent neural networks (RNNs) and consist of three
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distinct layers: an input layer, a reservoir and a readout layer.
The input layer is designed to inject input data into the system.
The reservoir constitutes a recurrent network layer which
contains a large number of randomly interconnected nodes and
which functions as a dynamical nonlinear system. The readout
layer is where predictions are made using the input data and
the reservoir state. With RC, the connection weights within
the reservoir are fixed and remain unmodified. The trainable
weights are solely located in the readout layer, drastically
reducing the overall training duration compared to traditional
recurrent neural networks [7]. Various (photonic) RC systems
have shown their merit and have already been successfully
used for solving complex tasks, such as nonlinear channel
equalization tasks [8], [9], speech and pattern recognition
[10]–[12] and time-series predictions [13]–[15].

Different approaches to implement photonic RC systems have
been investigated, and successfully demonstrated. One such
approach is temporally distributed RC, where a single nonlin-
ear system is combined with delayed feedback to function
as the reservoir. This system is referred to as delay-based
RC (DB-RC). DB-RC systems typically have a very simple
architecture where e.g. only a single microring resonator [16]
or semiconductor laser (SL) needs to be used to implement
the nonlinear node of the RC system [17]–[19]. For DB-
RC, an external delay line is used to incorporate feedback
within the system. However, this approach relies on a complex
preprocessing of the input data - by the use of a preprocessing
mask [20]–[26]. This masking procedure for the input data,
which is explained in Section II, has to be performed at very
high modulation speeds. This is often done using arbitrary
waveform generators (AWGs), where a fixed preprocessing
mask is applied to an input data sequence at fixed repetition
rate. Because the nodes are constructed sequentially in time,
this presents a bottleneck on the computing bandwidth. If
we want to speed up the computation bandwidth of such
RC systems, we have to make the temporal node separation
of the preprocessing mask as small as possible, typically on
timescales of the order of several ps [27]. This means that
ultrafast modulation speeds are required for the data injection,
where AWGs with bandwidths of several hundreds GHz or
even THz have to be used to generate the preprocessing mask.
Such AWG speeds are currently not commercially available.
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As such, we want to investigate other approaches which do not
require the ultrafast generation of such mask signals. Such an
approach can be realized using spatially distributed RC. In this
approach, the nodes of the RC system are physically imple-
mented using photonic components. Such RC systems can e.g.
be implemented as integrated setups [7], [9], [28]–[30]. They
have the advantage that they can operate faster compared to
DB-RC, as they do not require any temporal multiplexing with
a preprocessing mask. However, a drawback of these systems
is that the nodes have to be physically connected in a photonic
circuit, making it technologically challenging to create RC
systems which many reservoir nodes. Moreover, if these nodes
use active nonlinearities (e.g. making use of optical amplifiers
to compensate for power losses in the reservoir network), this
will result in a large power consumption. In this work, we
combine the simplicity of the DB-RC network implementation
with the speed advantage of the spatially distributed RC. Based
on numerical simulations, we show that we are able to mitigate
some of the disadvantages of both approaches by combining
both into a single architecture. We will show that we can
remove the costly preprocessing procedure of masking the
input data, resulting in an overall speed-up of the system.
We will also show that - when compared to passive spatially
distributed RC - this scheme incorporates extra nonlinearity in
a very inexpensive way.

The goal of this paper is to use a spatially distributed reservoir
computing approach to generate the preprocessing mask for
delay-based reservoir computing. To this end, we have to
compare the performance of these approaches when used
individually and when they are combined. We investigate three
different implementations of combining the passive spatially
distributed architecture with the DB-RC architecture. This
paper is organised as follows. In Section II, we give an
introduction to temporal DB-RC using an SL. In Section
III, we give an introduction to spatially distributed RC using
a passive four-port architecture (FPA). In Section IV, we
introduce different architecture topologies where we combine
both previously introduced approaches. In Section V, we
numerically investigate the performance of the previously
described architectures on the Santa Fe one-step ahead time-
series prediction task, and in Section VI, we calculate their
computational memory capacities. In Section VII, we give the
conclusions of this paper.

II. NUMERICAL IMPLEMENTATION OF DELAY-BASED
RESERVOIR COMPUTING USING A SEMICONDUCTOR LASER

The delay-based method for reservoir computing systems re-
lies on a time-multiplexing approach to temporally implement
virtual nodes [5], [8], [26], [31]–[35]. In this paper, we focus
on one particular approach of this DB-RC scheme using a
continuous wave (CW) single-mode SL where a delay (with
external delay time τD) is introduced by self-coupling using
optical feedback. This DB-RC scheme has been shown to
yield good computational performance on several benchmark
tasks [36], [37]. This approach is illustrated in Fig. 1. With
DB-RC, one injects the input data samples uk sequentially
in the reservoir via the input layer. Before injecting the
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Fig. 1. Illustration of the DB-RC using a CW single-mode SL. The input data
uk is masked using a preprocessing mask m(t) in the input layer and optically
injected onto an external field Eext, originating from SL 1, by a Mach-
Zehnder modulator (MZM) at an injection rate µ. This signal is injected into
the reservoir, which consists of a single-mode SL, SL 2, which is connected
to itself with an external delay line with length τD , with a feedback rate η.
The virtual nodes, shown as cyan circles, are defined within this delay line
and have a node separation θ. The optical power at the virtual nodes (Aij ) is
measured in the readout layer with photodetectors and combined with (trained)
linear weights (wj ) to obtain the output (yi).

input data into the reservoir, it is required that every discrete
input sample uk is stretched in time - to a duration τM -
using a sample-and-hold procedure, and is multiplied with
a preprocessing mask m(t) (which has a duration of τM ).
This is done to ensure that the input data is coupled in a
different way to the different virtual nodes and results in the
input connection weights being different for different nodes.
m(t) typically consists of a piecewise constant function of
NN randomly selected sublevels, where each sublevel has a
duration equal to the node separation θ. In this work, we
have randomly selected the sublevels from 5 distinct values
of {0, 0.2, 0.50, 0.75, 1}. After the reservoir, the intensity is
measured by a photodetector in the readout layer. Recall
that the input samples are time-multiplexed before they are
injected in the reservoir. This means that the optical output -
represented by the light intensity |E(t)|2 - first needs to be de-
multiplexed. This de-multiplexing is performed by sampling
the intensity time trace at every θ for every input data sample.
This results in NN sampled intensities, which are stored in
the columns of a matrix Aij , which is done for all the input
samples, stored in the rows of Aij . The resulting matrix Aij is
referred to as the state matrix of the reservoir and is used for
calculating weights wj . This is done by using ridge regression
so that the weights can be used for future testing with new,
unseen input data samples. For the node separation, we use
θ = 30ps, as this timescale results in the highest memory
capacity [38] for delay-based reservoir computing when using
an SL [39].

The dynamics of the single-mode SL are governed by the rate
equations for the complex amplitude of the slowly-varying
electric field E(t) around a center angular frequency and the
number of carriers in the active medium available for lasing
N(t) (both dimensionless quantities):
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dE(t)

dt
=

1

2
(1 + iα)ξN(t)E(t) + µEinj(t) (1)

+ ηE(t− τD) + F̃β(t)

dN(t)

dt
= ∆J − N(t)

τe
−
(
g + ξN(t)

) ∣∣E(t)
∣∣2 , (2)

with α the linewidth enhancement factor, and ξ and g the
differential gain and linear threshold gain. µ is the injec-
tion rate and η is the feedback rate. ∆J is the excess
pump current normalized by the elementary charge, so that
∆J = J − Jthr, with J the pump current rate, and Jthr
the threshold pump current rate of the SL. τe is the electron
lifetime. To simulate the spontaneous emission noise, we use
complex Gaussian white noise F̃β(t), with ⟨F̃β(t)⟩ = 0 and
⟨F̃β(t)F̃β(t

′)∗⟩ = βN(t)
τe

δ(t − t′). β controls the strength of
spontaneous emission noise. In Table I we give an overview
of the different parameters used in the simulations, and the
values used in this paper. These values are based on previous
research, in which it was shown these values are reasonable
and that they lead to proper RC operation [37], [39].

Continuing with Eqs. (1) and (2), E(t − τD) represents the
slowly-varying envelope amplitude of the time-delayed optical
feedback signal which is injected back into the single-mode
SL. Einj(t) represents the slowly-varying envelope amplitude
of the electric field which is injected into the reservoir, i.e.
the single-mode SL. We use an unbalanced Mach-Zehnder
modulator (MZM) to optically inject the discrete input data
uk, as shown in Fig. 1, where the slowly-varying amplitude
of the electric field at the output of the MZM is given by

EMZM = Eext

(
1 + ei(AMZMS(t)+ΦMZM )

)
. (3)

S(t) = m(t)u(t) is the masked data stream, Eext is the
amplitude of the external field and u(t) is the input data
stream normalized between [0, 1] (or [−1, 1] when considering
negative input values). The modulation amplitude is given
by AMZM , and the bias of the MZM by ΦMZM . The
resulting electric field EMZM is subsequently injected into
the reservoir at an injection rate µ, where the injected signal is
Einj = EMZMei∆ωt. Note that we set the angular frequency
detuning ∆ω between Eext and E(t) to zero, i.e. we use
the same frequency for the injection laser and for the center
frequency of E(t) in Eq. (1). We have also opted to take the
input sample duration τM equal to the external delay length
τD. A mismatch between these two can be introduced, as in
e.g. Refs. [40]–[44], which could be beneficial to improve
the performance of RCs, as demonstrated by Hülser et al. in
Ref. [45]. In this work, however, we do not consider such a
mismatch for simplicity and take τD = τM . The reason for
this is purely out of simplicity, due to the fact that the optimum
value of such a mismatch would need to be scanned for each
type of simulation to optimize performance.

III. NUMERICAL IMPLEMENTATION OF SPATIALLY
DISTRIBUTED RESERVOIR COMPUTING USING THE FPA

As mentioned in the introduction, we want to combine in this
work a DB-RC system with a spatially distributed reservoir

TABLE I
PARAMETERS, AND THEIR RESPECTIVE VALUES, WHICH ARE USED IN THE

SIMULATIONS, UNLESS STATED OTHERWISE.

Parameter Symbol Value
Effective refractive index neff 2.276
Group refractive index ng 4.564
Waveguide losses 1.50 dB/cm
Wavelength λ 1550 nm
Injection rate (DB-RC) µ 98.1 ns−1

Injection rate (FPA/compound arch.) µ 100
√
10 s−1

Amplitude of the injected external field Eext 100
Feedback rate to SL (DB-RC) η 7.8 ns−1

Feedback rate to SL (compound arch.) η 10
√
2 ns−1

Number of nodes (DB-RC) NN Variable
Number of nodes (FPA) NN 16Nt

Number of nodes (compound arch.) NN 15Nt

Input duration per sample (FPA) τM 30ps

Input duration per sample (DB-RC) τM NN ·30ps
Node separation (DB-RC) θ 30ps

Node separation (FPA/compound arch.) θ τM
Nt

Internal delay time between couplers τC ∈ [2.5,60] ps
External delay time (DB-RC) τD NNθ

External delay time (compound arch.) τD 5ps

Linewidth enhancement factor α 3
Threshold gain g 1ps−1

Differential gain ξ 5×10−9 ps−1

Spontaneous emission noise factor β 10−6

Carrier lifetime τe 1ns

Threshold pump current rate Jthr 1017 s−1

Excess pump current rate (DB-RC) ∆J 1.02Jthr
Excess pump current rate (compound arch.) ∆J 2Jthr
Modulation amplitude of MZM AMZM

π
2

Bias of MZM ΦMZM
π
4

with the goal being to simplify the masking procedure. Before
we discuss these novel compound systems, let us first discuss
the operation of the spatially distributed reservoir considered
in this work. Different from DB-RC, where we temporally im-
plement virtual nodes, we can implement the nodes physically
with spatially distributed RC. This has as a consequence that
the spatially distributed RC systems do not require a masking
procedure for injecting the input data. This results in spatially
distributed RC systems being inherently faster than DB-RCs,
as the nodes are physically implemented and not temporally.
Furthermore, the nodes can be read out simultaneously and
individually, which is not possible with DB-RC.

In this work, we have opted for using the passive spatially
distributed FPA introduced in Ref. [9], which is inspired on
the architecture presented in Ref. [7]. The FPA consists of a
passive linear photonic network of 16 physical nodes, shown
in Fig. 2, with the nodes arranged in a square 4×4 grid and
connected by multiple waveguides. Every node consists of a
multi-mode interference (MMI) coupler, represented as a blue
circle in Fig. 2. Each node receives input from two adjacent
nodes and redistributes its signal back to two other adjacent
nodes. The two remaining (one input and one output) ports
of the MMIs are used for data injection and detection and
are shown in Fig. 2 on the left and right side of the network
architecture for every individual node. Note that in this work,
the indexing of the nodes starts at 0.
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Fig. 2. Illustration of the FPA consisting of 16 multi-mode interference (MMI)
couplers, shown as blue circles, which represent the nodes. Every node is
connected to 4 ports of neighbouring nodes and contains an input and output
port, used for data injection and detection. The input data uk is optically
modulated and injected by a Mach-Zehnder modulator (MZM) at an injection
rate µ into the input port. The optical power at the output ports of the 16
physical nodes (Aij ) is measured using photodetectors in the readout layer
and is used to train linear weights (wj ) corresponding to a target output
(yi). The internal delay time between nodes is represented by τC . In our
simulations, port 1 is always used as input port.

An important parameter of the FPA is the length of the waveg-
uide between two MMI couplers, which results in an internal
delay time τC and a phase shift between nodes in the network.
In practice, we can accurately control the internal delay time
τC . However, the phase shift can fluctuate significantly due
to fabrication imperfections and is less controllable compared
to τC . The phase shift due to propagation between nodes
is therefore chosen randomly from a uniform distribution
[0, 2π] for every waveguide, due to its uncontrollable nature
in realistic setups, and is fixed at the initialization of the
each simulation. Note that we do not incorporate an extra
delay in our simulations for the MMI couplers. This effect
would translate to a general delay for all MMI couplers, all
assumed to be identical, and which can in practice be added
to the internal delay time τC . The parameters we use for our
simulations are shown in Table I. We use the PhotonTorch
package [46] to numerically implement the FPA.

To inject the discrete input data samples uk, we again use
a sample-and-hold procedure where every input sample uk is
injected for a constant input duration per sample τM , resulting
in a data stream u(t). We have chosen to inject this input data
into a single input port, arbitrarily chosen to be input port 1
here, as shown in Fig. 2. All other input ports are not being
used. Due to the symmetry of the FPA, and some preliminary
studies we have performed, it seems that the choice of the
input port is not crucial as we obtain similar results when using
other input ports. We again inject the data optically using an
unbalanced MZM. The electric field after the MZM, EMZM ,
is injected, at an injection rate µ, so that the injected signal
Einj = EMZMei∆ωt.

We construct the readout layer by measuring the optical power
|E(t)|2 of every output port of the FPA and sampling this time
trace at every sampling event. In the conventional approach,
this sampling event occurs once every τM . However, it is
also possible to have multiple sampling events during one

τM . In that case, Nt time-multiplexed temporal nodes can
be defined and the sampling takes place every θ = τM

Nt
, so

that the total number of virtual nodes NN increases linearly
with increasing Nt. Remark that in the latter case, we do not
need a preprocessing mask in the input layer to implement
the temporal nodes. This is in stark difference to the approach
described in Section II, which requires such a preprocessing
mask to allow for transient dynamics at the virtual nodes.
This results in NN sampled intensities, which are stored in
the columns of the state matrix Aij , which is done for all
the input samples, stored in the rows of Aij . The state matrix
of the reservoir, Aij , is used for calculating linear weights,
wj , during training on labeled data, yi, and for testing on
unseen data. Note, that we set Nt = 1 for the FPA - unless
mentioned otherwise. For the FPA, we use the output ports of
all 16 nodes, which means that we are able to construct a total
of NN = 16 nodes. If Nt > 1, however, the total number of
nodes is NN = 16Nt.

IV. NUMERICAL IMPLEMENTATION OF COMBINED
ARCHITECTURES

In this section, we numerically investigate three different
implementations of combining the passive FPA with the DB-
RC architecture. The first architecture, in Section IV-A, is
a proof-of-principle approach and consists of two separate
parts: an FPA, in which we inject input data and measure
the optical power at a fixed output port. The measured optical
power is then optically injected into the input layer of the
DB-RC architecture. Therefore, the FPA functions in this case
as a separate mask generator. The goal of investigating this
architecture is to verify if the FPA can be used to replace
the mask generator. The second architecture, in Section IV-B,
has a similar approach. Here, however, we directly inject the
electric field output of the FPA into the DB-RC, instead of
first measuring the optical power and optically injecting this
signal, making this a simpler architecture for more realistic
implementations due to its direct integration as a single setup.
Lastly, the third architecture, in Section IV-C, consists of
an FPA and SL in an external delay loop. This architecture
combines both spatially and temporally distributed RC where
we now use all of the available physical nodes of the FPA,
together with temporal (i.e. virtual) nodes.

A. Proof-of-principle: FPA as separate mask generator for
DB-RC

The first architecture we investigate consists of a combination
of the FPA and the DB-RC architecture, where the FPA
functions as a separate mask generator for DB-RC. This
architecture is shown in Fig. 3. This approach is intended as a
proof-of-principle to generate masks in an analog procedure.
To this end, we inject input data into input port 1 of the FPA
using an SL and MZM, identical to the techniques described
in Section III using the sample-and-hold procedure. However,
different to this section is that the masking is performed by
the FPA and that we choose the input duration per sample
fixed to τM = NNθ, with θ the temporal node separation
and NN the number of nodes in the DB-RC. In this case, we
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Fig. 3. Illustration of the first approach to use the FPA as mask generator for
DB-RC. We optically modulate the input data uk onto Eext of SL 1 using a
Mach-Zehnder modulator (MZM) and inject this signal at an injection rate µ
into input port 1 of the FPA. The optical power at output port 1 of the FPA is
subsequently measured by a photodetector (PD) and normalized to represent
the masked data stream S(t). S(t) is then optically injected in the single-
mode laser SL 2, using an MZM. SL 2 is connected to itself with an external
delay line with length τD , with a feedback rate η. The virtual nodes, shown
as cyan circles, are defined within this delay line and have a node separation
θ.

choose θ = τC , which is motivated by the fact that the output
of the FPA shows variations at this timescale τC in a similar
fashion as the mask preprocessing modulates the input signal
at a timescale of θ. Thus, we again take θ = 30ps, which was
shown to be a good choice for θ [38], [39]. Therefore, instead
of creating the masked signal’s sublevels with a preprocessing
mask, the masked signal is naturally generated from the optical
signal propagating through the FPA. The resulting power time
trace is subsequently measured at output port 1 of the FPA
by a photodetector and normalized to values between 0 and 1,
resulting in a masked data stream S(t). S(t) is subsequently
modulated onto Eext using an MZM. The output of this
MZM is injected into the separate DB-RC architecture. The
subsequent readout (including training and testing) is identical
to the previously explained DB-RC approach, in Section II. We
would like to emphasize that this method of measuring the
power trace and optically injecting it using an MZM is rather
inefficient due to the unnecessary conversion between electric
and optical domain. The purpose of this implementation is
therefore purely as a proof-of-principle demonstration: this
approach is meant to check the feasibility of the FPA to
function as mask generator instead of using a fast AWG to
pre-process the input data stream.

B. FPA as integrated mask generator for DB-RC

The second architecture we investigate consists of a combina-
tion of the FPA and DB-RC architecture, where the FPA again
functions as a mask generator for DB-RC. This architecture
is shown in Fig. 4. We again use input port 1 and output
port 1 of the FPA for data injection and output. Different
from Section IV-A, we now directly inject the (normalized)
output of the FPA into the DB-RC, without the requirement
of measuring the power time trace using a photodetector. This
is an improvement on the previous implementation, as we now
do not require another AWG and MZM to optically inject the
measured power time trace. Contrary to the previous section,
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Fig. 4. Illustration of the second approach to use the FPA as mask generator
for DB-RC. In this approach, we inject the (normalized) electric field resulting
from the FPA directly into the DB-RC. The input data uk is optically
modulated onto Eext of SL 1 and is injected by a Mach-Zehnder modulator
(MZM) at an injection rate µ into input port 1 of the FPA. Output port 1 of
the FPA is connected - at an injection rate µ′ - to a single-mode SL, SL 2,
which is connected to itself with an external delay line with length τD , with
a feedback rate η. The virtual nodes, shown as blue circles, are defined within
this delay line and have a node separation θ.

this implementation is able to retain the phase information of
the electric field of the output of the FPA, which is known to
have an important role when injecting input data into DB-RC
[39]. The subsequent readout (including training and testing)
is identical to the previously explained DB-RC approach, in
Section II. In order to have similar injection strengths as with
other input configurations for DB-RC, the electric field - which
is injected into the DB-RC - is normalized and injected at an
injection rate of µ′ = 100µ. This higher value for µ′ is used in
order for the signal injected into the DB-RC to be of similar
strength as for the other setups in this work. The input duration
per sample is identical to Section IV-A, at τM = NN ·30 ps.

C. Compound RC: Exploiting the physical nodes of the FPA
by placing it in the delay loop of DB-RC

The previous two architectures described in Sections IV-A and
IV-B allow us to investigate the potential of the FPA as mask
generator. However, both architectures still have a relatively
slow computing bandwidth. This is because the nodes are
time-multiplexed in the external delay line, where we have
the requirement to roughly match the node separations to the
response time of the SL to achieve a good performance.

It might be more useful to place the FPA in the delay loop
of DB-RC, such that the different nodes of the FPA can be
used as additional reservoir nodes while still not needing a
preprocessing mask. This is what we want to explore in the
next section. This novel compound architecture is shown in
Fig. 5.

The injection of input data into this architecture is identical as
the procedure described in Section III, i.e. using the sample-
and-hold procedure without the preprocessing with a mask
m(t). The standard input port is again arbitrary chosen to
be port 1 of the FPA, while all the other input ports of the
architecture are not used for data injection. One of the output
ports of the architecture is connected with an external delay
line.
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This results in the output of one node not being available
for the readout layer, and which we refer to as the feedback
port. For this feedback port we have chosen output port 1.
This choice is supported by the fact that we can introduce the
nonlinearity of the SL early on in the architecture (because we
inject data in input port 1). In Ref. [47], we found that a large
injection rate is needed to achieve injection locking of the
SL, which is needed in order to obtain good computational
performance e.g. on the Santa Fe benchmark task. In the
case of a large injection rate, the power at the output ports
of the FPA then becomes large enough to achieve injection
locking of the SL. Furthermore, we found in Ref. [47] that
the performance is largely independent of the delay of the
external feedback loop (for τD between 5 and 60 ps) so that it
does not need to be precisely optimized for the Santa Fe task.
As a result, a small external delay time can be chosen, which
results in a small footprint. The internal delay time τC plays
a more important role, and needs to be chosen shorter than
the input duration τM . The power of all other 15 remaining
output ports are measured and are used for the readout layer.
We conjecture that introducing extra nonlinearity - using a
single output port as feedback port - has a positive effect on
the performance which more than compensates for the loss in
performance due to the loss of this output port for training.
The corresponding reservoir state matrix, indicated by Aij

in Fig. 5, is used for calculating linear weights, wj , during
training. The optical signal from the feedback port is injected
back into a single-mode SL (SL 2) using an external delay
line. Therefore, the delayed feedback term of Eq. (1) is now
replaced by the electric field at the feedback port of the FPA.
The resulting field emitted by the SL is injected back into the
2×1 MMI coupler, which is connected to input port 1 of the
FPA. The value for the external delay time τD of the delay
line from the laser to the FPA is fixed to τD = 5ps. The
waveguide between the MZM and 2×1 MMI coupler, and the
waveguide between the 2×1 MMI coupler and FPA are both
coded in our simulations to have a length of zero, so that they
do not contribute any extra timing effects. This is because
these delays can always be incorporated in the value of τC
or τD. In our simulations, we fix τM = 30ps. We vary the
values for the internal delay time τC , where τC takes values
between 2.5 ps and 60 ps. The values used for simulating the
compound architecture are given in Table I. The higher value
for the excess pump current rate of SL 2, compared to DB-RC,
was chosen such that we have a higher optical power within
the FPA to compensate for propagation losses in the FPA.

The readout of the compound architecture is similar to that
of the FPA, discussed in Section III. We construct the readout
layer by measuring the optical power |E(t)|2 of every output
port of the FPA and sampling this time trace at every sampling
event. This sampling event occurs every θ = τM

Nt
, with Nt

the number of temporal nodes, for every input sample. This
results in NN sampled intensities, which are stored in the
columns of the state matrix Aij , which is done for all the
input samples, stored in the rows of Aij . The state matrix of
the reservoir, Aij , is used for calculating linear weights, wj ,
during training on labeled data, yi, and for testing on unseen

𝜂
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𝜏𝐷

0 1 2 3

4 5 6 7

8 9 10 11

12 13 14 15
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Input data
𝑢𝑘
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SL 1

SL 2

FPA

𝑦𝑖 =෍

𝑗

𝐴𝑖𝑗𝑤𝑗

…

Fig. 5. Illustration of the compound architecture. The input data uk is
optically modulated and injected into the input port by a Mach-Zehnder
modulator (MZM) at an injection rate µ and a 2×1 multi-mode interference
(MMI) coupler. The feedback (FB) port is connected to an external delay line
with delay time τD and a single-mode SL with feedback rate η. The optical
power at the other 15 output ports of the FPA is measured in the readout layer,
where every physical node (shown in blue) contains Nt virtual nodes (shown
here in cyan for Nt = 4 virtual nodes). The internal delay time between
nodes is represented by τC . In our simulations, we use input port 1 as input
port and output port 1 as feedback port.

data. For the compound architecture, we use the output ports
of 15 nodes, which means that we are able to construct a total
of NN = 15Nt virtual nodes.

V. NUMERICAL RESULTS: SANTA FE TIME-SERIES
PREDICTION TASK

To investigate the performance of the various architectures
which were described in the previous sections, we compare
their performance on the Santa Fe time-series prediction task.
We perform a one-step ahead prediction on this time-series,
which contains just over 9000 data points sampled from a
far-IR laser in a chaotic regime [48]. In order to train the
weights of the readout layer, we take 3010 data samples from
the beginning of this time-series. The resulting state matrix A
is then used to find the weights w,

w = A†y, (4)

where y is the labeled, expected output and with † being the
Moore–Penrose pseudo-inverse. The next 1010 data samples
of the Santa Fe time-series are used to perform the testing.
The 10 first data samples of both sets are used for initializing
the system and are discarded to remove any transients due
to this initialization. These data samples are therefore not
used for training and testing purposes. As a measure for
the performance, we use the normalized mean squared error
(NMSE) on the test set, where the NMSE is defined as

NMSE(y, ŷ) =

〈
(y − ŷ)

2
〉

〈(
y − ⟨y⟩

)2〉 , (5)

with ŷ the predicted output data, where ŷ = Aw. The best
performance corresponds to the lowest NMSE, with typical
NMSE values for RC systems on the Santa Fe one-step ahead
prediction task being around 10−2 [17], [39], [49].
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Number of virtual nodes NN

10 1NM
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DB-RC (without preprocessing mask)
DB-RC with FPA as optoelectronic mask generator
DB-RC with FPA as optical mask generator
DB-RC (with preprocessing mask)

Fig. 6. Median and interquartile range of the NMSE as a function of the
number of virtual nodes NN of various architectures, over 10 simulation
runs with different phases between nodes/mask initializations.

A. Varying number of virtual nodes NN

In this section, we investigate the feasibility of using the FPA
as a mask generator for input data, instead of manually mask-
ing the input data with a preprocessing mask m(t). To this
end, we compare the DB-RC with preprocessing mask from
Section II with the implementations (without preprocessing
mask) from Sections IV-A and IV-B. In Fig. 6, we show the
performance of these different approaches, when varying the
number of virtual nodes NN . We repeat the simulation 10
times, with 10 different random preprocessing masks (for the
system of Section II) or 10 different random sets of phases
between FPA nodes (for the systems of Sections IV-A and
IV-B). In this figure, we also show the performance of using
the FPA separately as mask generator to the DB-RC (described
in Section IV-A) and using the FPA directly as mask generator
(described in Section IV-B).

We observe that the DB-RC without any masking results in
the worst performance as a function of the number of nodes.
This is shown in Fig. 6 by a near constant NMSE around
6× 10−1 for this system. When a masking procedure is used,
we observe a much better performance, where the NMSE
decreases with increasing number of nodes NN . This indicates
the importance of the masking procedure, which is crucial for
DB-RC to achieve a good performance. The performance of
the architecture where the FPA is separately used as mask
generator for the DB-RC is situated between the previous two
cases. This shows that the FPA is able to supply effective
masking to the input signal such that DB-RC can be used
to process the input data. However, the masking ability of
the FPA seems to be inefficient when the number of nodes
becomes large. In Fig. 6, we can see that the NMSE does not
decrease when NN > 24 for this approach. The other approach
of using the FPA as integrated mask generator, however, shows
the best performance of all considered implementations. The
resulting NMSE of this implementation decreases up to NMSE
≈ 3 × 10−2, at NN ≈ 24, and saturates at this NMSE
for increasing NN . Its performance, however, deteriorates for
NN > 80 with a slightly increasing NMSE.

We observe that the FPA as mask generator - for both the
separate and integrated approach - shows a saturation in
performance with increasing NN . Recall that in both these

𝝉𝑴

Fig. 7. Output signal of the FPA corresponding to one input sample of
duration τM . This signal is used as masked data stream S(t) in the approach
described in Section IV-A, with the total number of virtual nodes NN = 96.

approaches, we have chosen the input sample duration pro-
portional to the total number of nodes, i.e. τM = NN ·30 ps.
The fact that both approaches show a saturation in NMSE with
increasing number of nodes NN can most likely be explained
by the fact that for small NN , there are large temporal
fluctuations in the sampled output signal, resulting in the signal
of the various (virtual) nodes to be different. However, if
NN is large, the output signal’s temporal fluctuations for a
given input sample become small towards the end of the input
sample. As a result, there will be little difference between the
signals of virtual nodes at the end of the delay loop. Increasing
NN further will then have little effect on performance. This
is illustrated in Fig. 7, where we show the intensity at output
port 1 of the FPA for NN = 96. This intensity time trace
resembles a typical masked data stream. When a new data
sample is presented at the input of the FPA, it will elicit
temporal fluctuations at the FPA output that gradually become
smaller. After a time-interval of about 1 ns, these fluctuations
become negligibly small. This corresponds to around 20 virtual
nodes that can effectively be used in the DB-RC (taking into
account that θ = τC), and this number of effective virtual
nodes is approximately equal to the number of spatial nodes
in the FPA. The number of virtual nodes can in principle be
further increased by using an FPA that contains more spatial
nodes, as in that case the temporal fluctuations in the output of
the FPA will remain substantial during a longer time interval.
Additionally, the bandwidth of the approach of Sections IV-A
and IV-B is limited by the fact that the nodes are implemented
temporally within the external delay line. Nonetheless, the
results of Figs. 6 and 7 show that the FPA has the ability to
provide diversity to the constant input signal, without the need
for high-speed AWGs to construct the masked input signal.
This effectively results in the FPA to function as a passive
mask generator for DB-RC, and works especially well when
the FPA is directly integrated.

B. Varying internal delay time τC in the FPA and compound
architecture

In the previous section we have shown that the FPA can
be used as a passive mask generator for DB-RC, even out-
performing the conventional approach of applying a fixed
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Fig. 8. Median and interquartile range of the NMSE as a function of τC/τM
of the FPA and the compound architecture, over 10 simulation runs with
different phases between nodes. The performances for the different number
of temporal nodes Nt during one τM are shown in different colors, with solid
and dashed lines for the different architectures. The median and interquartile
range of the NMSE of the single-mode delay-based RC with and without
preprocessing mask are also shown in dotted lines and colored regions, over
10 different preprocessing mask initializations when the mask is applied.

preprocessing mask to DB-RC. Inspired by these approaches,
we investigate in this section the performance of the DB-
RC and FPA, described in Sections II and III, and the newly
introduced compound architecture, described in Section IV-C,
for different Nt. We study the role of an important parameter
of the FPA, the internal delay time τC , by scanning this value
and measuring the performance on the Santa Fe one-step ahead
prediction task. For the compound architecture, we fix the
external delay time at 5 ps in order to have a small delay
coming from the SL, allowing for a small footprint. For the
FPA and compound architecture, we use an input duration
per sample τM = 30ps. For the compound architecture, we
vary the number of temporal nodes between Nt = 1 and
Nt = 6. We repeat the simulations 10 times with different
random phase initializations for the waveguides in order to
incorporate some statistics. In Fig. 8 we show the median and
interquartile range of the NMSE as a function of τC/τM for the
FPA and compound architecture, while varying the number of
virtual nodes Nt for the compound architecture.

The performance of the DB-RC with a single-mode SL -
with and without a preprocessing mask - are shown with
dotted lines and colored regions for NN = 96 virtual nodes
for 10 simulation runs with different preprocessing mask
initializations. We have chosen this value for NN because it
corresponds to the best performance found in Section V-A for
DB-RC with a preprocessing mask.

We observe in Fig. 8 that the performance of the compound
architecture for Nt = 1 is similar to that of the FPA. At
τC/τM ≤ 1, the FPA and compound architecture have similar
and good performance with an NMSE around ≈ 10−2. For
Nt = 1, we observe that the performance of the compound
architecture worsens at τC/τM > 1. If we increase Nt to 3,
the performance of the compound architecture remains good
(i.e. resulting in a low NMSE) up until τC/τM > 1.65. If Nt is
further increased to 6, the region of good performance widens
further up until τC/τM > 1.85. This means that for Nt >
1, we are able to achieve larger range of τC/τM where the

NMSE remains low, at around ≈ 10−2. In Fig. 8, we observe
that the performance of the DB-RC without a preprocessing
mask again results in the worst performance, around NMSE
≈ 6×10−1. This is in contrast to the performance of the DB-
RC with a preprocessing mask which results in a much better
NMSE, around 2.5× 10−2.

The explanation for the worsening performance of the com-
pound architecture for Nt = 1 at τC/τM > 1 is as follows.
If the internal delay time τC becomes longer than the input
duration per sample τM , a segment of the input data stream
still propagates between the nodes in the network and has
yet to reach the readout layer before the next sampling event
occurs. However, the previous segments will already have
reached some of the nodes when this sampling event takes
place. This means that the nodes only contain information of
the older inputs, while we still need to predict the next input
sample. This means that the reservoir is implicitly performing
a multi-step ahead prediction, which is more difficult to solve
compared to a one-step ahead prediction. When Nt > 1,
we observe a good performance even when τC/τM > 1. The
explanation for this is due to the increased number of temporal
nodes, which allow us to use more information of the signals
inside the architecture. As we now use more than one output
sample for every input sample, this leads to more diversity
within the (virtual) nodes and an increased memory (the
latter we will show in Section VI). Note that the compound
architecture has a better performance when compared to DB-
RC with a single-mode SL with the same number of virtual
nodes. This improvement in performance can be understood
by the fact that instead of a fixed preprocessing mask, in case
of the DB-RC, we instead have an artificial (analog) mask
created by the topology of the FPA, which has a more diverse
response to the input.

The advantage of the compound architecture is that its mask-
ing is performed implicitly by the FPA, which is a passive
architecture. Furthermore, a different advantage is that the
computing bandwidth of the compound architecture is much
higher than that of the DB-RC. This is because the mask-
ing procedure, which is required for DB-RC to match the
node separation with the timescales of the laser dynamics,
dramatically decreases the computation bandwidth compared
to the compound architecture. To illustrate this, the DB-RC
architecture has a node separation around θ = 30ps with
Nt = 96 nodes, resulting in τM = Ntθ = 2.88 ns for every
input data sample. In contrast, the input duration per sample
for the compound architecture is τM = 30ps. This means that
we are able to achieve a speed-up of almost two orders of
magnitude compared to DB-RC.

We conclude that using the compound architecture allows
us to improve the computing bandwidth - by removing the
necessity of using a preprocessing mask for input data. We
remark that both the FPA and compound architecture have
a similar performance for τC/τM ≤ 1 (with NMSE around
10−2) on the Santa Fe prediction task. This limit on accuracy
is also observed with other reservoir and echo state networks
[50], which indicates that achieving a lower NMSE is hard.
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However, the additional temporal nodes that can be sampled
with the compound architecture (i.e. Nt > 1) increases the
number of (virtual) nodes available for computing, which
is expected to lead to better computational performance for
difficult tasks. This will be investigated in more detail in the
next section.

VI. NUMERICAL RESULTS: MEMORY CAPACITY

In the previous section, we have investigated the performance
of various RC architectures on the one-step ahead Santa Fe
time-series prediction task. However, the Santa Fe task does
not generalize the performance of the architectures on other
benchmark tasks. Instead of selecting other benchmark tasks,
we have chosen to study a task-independent measure of the
computational capacity of RC systems which can quantify
their performance on other tasks. We quantify - based on
numerical simulations - the linear and nonlinear memory
capacity of DB-RC, the FPA and the compound architecture,
for different values of Nt, using the techniques from Ref. [51].
For this, we inject an input data stream, originating from a
sample-and-hold procedure of discrete input samples uk which
are drawn from a uniform distribution between −1 and 1.
We then train the readout layer to reconstruct products of
normalized Legendre polynomials of l-delayed previous input
samples uk−l. In this case, we limit this delayed input to
l ≤ 10. We inject a total of 500010 input samples from the
uniform distribution, and discard the first 10 samples which
are used for initialization of the architecture.

The target data yi for the calculation of the memory capacity
is constructed by the product of normalized Legendre polyno-
mials of a given degree δ, from previous inputs.

The mean squared error (MSE) between the expected signal
yi and the predicted signal ŷi is then calculated for all input
samples. The MSE, for a specific product combination of
Legendre polynomials δ and a set of specific indices of past
inputs (l1, . . . ), is used for calculating the memory capacity,

Cδ,(l1,... ) = 1−

〈
(y − ŷ)

2
〉

⟨y2⟩
, (6)

where one takes the average over all input samples and where
Cδ,(l1,... ) ∈ [0, 1]. Summing over all possible combinations
of the delayed elements (l1, . . . ), for a specific combination
of Legendre polynomials δ, and summing over all possible
Legendre combinations which result in the combined degree
of d, we can find the memory capacity of degree d,

Cd =
∑
δ

Cδ =
∑
δ

∑
(l1,... )

Cδ,(l1,... ). (7)

The sum of all memory capacities over all degrees results
in the total computational memory capacity of the system,
MC =

∑
d Cd. MC is limited to the total number of nodes

within the architecture, which was proven in Ref. [51]. It is
important to note that a better indication for the performance
on different benchmark tasks is given by the individual
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Fig. 9. Memory capacity up to the fifth degree for the DB-RC architecture,
for NN = 16 to NN = 96.

memory capacities per degree Cd, shown in Ref. [52], in
contrast to the total memory capacity MC. Note that we
potentially overestimate the value of Cd due to the finite
number of input data samples that are being used. To avoid
this, we use a threshold capacity, where we set values for
Cδ,(l1,... ) below Cthr equal to zero when calculating the
memory capacities, as discussed in Ref. [51]. The value for
Cthr changes depending on the total number of nodes, and
varies from Cthr ≈ 2× 10−4 for Nt = 1 to Cthr ≈ 6× 10−4

for Nt = 6.

In Figure 9, we show the memory capacity up to the first five
degrees in the case of DB-RC. The reason for only calculating
the memory capacities of the first five degrees is that this
already gives a good indication of the nonlinearity within the
systems. We observe that the total memory capacity increases
with increasing number of nodes NN , although not reaching
the theoretically possible total memory capacity (which is
equal to the number of nodes NN ). Note that for increasing
NN , the nonlinear memory capacity up to the fifth degree
increases. These findings are used as reference for later results.

In Fig. 10(a)-(f), we show the memory capacity up to the
first five degrees in the case of the FPA (left hand side of
every subfigure) and compound architecture (right hand side
of every subfigure) for Nt = 1 to Nt = 6. For the compound
architecture, we have fixed the external delay time to τD =
5ps. We have chosen the internal delay time τC ranging from
τC = 4ps to τC = 14ps, shown in Fig. 10(a)-(f). The specific
values for τC shown in these subfigures are chosen to avoid
τC being a multiple of the smallest sampling time, given by
τM/Nt = 30 ps/6 = 5ps (except for the interesting case where
τC = τD = 5ps).

In Fig. 10(a)-(f), we observe that for all the investigated τC
values, the total memory capacity MC increases with Nt for
both the FPA and the compound architecture. This clearly
indicates that taking multiple output samples during one input
sample is beneficial, and thus results in temporal multiplexing
as in DB-RC, however, without referring a masking proce-
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Fig. 10. Memory capacity up to the fifth degree for the FPA and compound
architecture, for Nt = 1 to Nt = 6 (resulting in NN = 16Nt for the FPA
and NN = 15Nt for the compound architecture), at different values for the
internal delay time τC .

dure and without reducing the input sample rate. We also
observe that the total memory capacity increases with τC ,
until τC ≈ 9 ps. For τC > 9 ps, the total memory capacity of
both architectures decreases with increasing τC . This is most
likely due to increasing waveguide propagation losses when
τC increases.

For small τC , between τC = 4ps and τC = 5ps - shown
in Fig. 10(a)-(b) - we observe very distinct distributions of
the memory capacity for the FPA and compound architecture.
Most fascinating is that the total memory capacity for Nt = 6
is much higher for the compound architecture, compared to
the FPA. This is remarkable, as the theoretical upper limit
for the total memory capacity for the compound architecture
is lower (maximum MC = 15Nt) compared to the FPA
(maximum MC = 16Nt). We observe that the linear memory
capacity (i.e. Cd=1) remains fairly constant when increasing
Nt, both for the FPA and compound architecture. However, the
quadratic and cubic memory capacities (i.e. Cd=2 and Cd=3)
increase with increasing Nt for both architectures, but are
higher for the FPA compared to the compound architecture.
We also observe that the compound architecture has much
higher nonlinear memory capacities for high degrees (i.e.
Cd>3) compared to the FPA, for Nt > 1. This indicates
that the nonlinearity is significantly increased at the very fast
sampling regime. For the FPA, these memory capacities are
not significantly increased when Nt increases.

For τC between τC = 6ps and τC = 9ps - shown in

Fig. 10(c)-(d) - we observe similar total memory capacities
for the FPA and compound architecture, for the same Nt.
However, the distributions of these memory capacities again
differ between both architectures. The compound architecture
has a much larger nonlinear memory capacities (of degree
4 and higher) compared to the FPA. Conversely, the linear,
quadratic and cubic memory capacities are again larger for
the FPA compared to the compound architectures, and increase
for increasing Nt for both architectures. The linear memory
capacity (i.e. Cd=1) also here remains fairly constant when
increasing Nt, both for the FPA and compound architecture.

For τC between τC = 11ps and τC = 14ps - shown in Fig.
10(e)-(f) - we observe that the FPA has similar memory capac-
ities as the compound architecture. We again observe that the
linear memory capacity remains fairly constant when increas-
ing Nt, both for the FPA and the compound architecture. The
quadratic and cubic memory capacities again increase with
increasing Nt for both architectures. The memory capacities
of higher degrees remain small for both networks, independent
of Nt.

We have also investigated the linear and nonlinear memory
capacity of larger τC (not shown here). We observe that the
total memory capacity tends to decrease with increasing τC .
This negative effect is more pronounced for the FPA than for
the compound architecture, where the compound architecture
is still able to retain a higher total memory capacity compared
to the FPA for identical τC . For example, at τC = 30ps (not
shown here) we observed that the FPA has a low total memory
capacity (MC ≈ 12), independent of Nt. This is in contrast
to the compound architecture, which still has a very high MC
and which increases with Nt (i.e. MC ≈ 12 at Nt = 1 up to
MC ≈ 72 at Nt = 6).

The increased high nonlinear memory capacity at small τC of
the compound architecture for high degrees, Cd>3 - compared
to the FPA - indicate that increasing the number of temporal
nodes (i.e. increasing Nt) has a positive effect on the amount
of nonlinearity of the compound architecture. This shows
that the nonlinearity of the compound architecture is used
effectively when Nt > 1 and τC is small. When we compare
the memory capacity of the compound architecture to the DB-
RC, we find that it is able to achieve, at e.g. τC = 5ps,
a higher total memory capacity and with higher nonlinear
memory capacities. Therefore, we expect that the compound
architecture with aptly chosen values of τC and Nt results in
a good computational performance for complex tasks where a
higher order nonlinearity is required.

Future work aimed at investigating the topology of the com-
pound architecture could be useful. For example, one could
compare the effects of integrating multiple external delay lines
coupled with different nodes in the architecture, or distributing
the feedback signal to multiple nodes instead of just one.
Furthermore, it would be interesting to investigate the role
of the external delay time τD. These extensions of our current
work are however outside of the scope of this paper.
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VII. CONCLUSION

In this paper, we numerically investigate a photonic RC
system consisting of a spatially and temporally distributed
architecture. We show that in this combined network, the
spatially distributed architecture is able to function as a passive
mask generator to the temporally distributed architecture. This
is useful because temporally distributed RC typically requires
a complex masking, i.e. time-multiplexing, procedure of the
input data which decreases the computing bandwidth of the
reservoir computing system and often requires fast equipment
to generate the mask. These findings motivated us to investi-
gate a new RC system by efficiently combining these spatially
and temporally distributed architecture: the compound RC
system. This compound RC system can make use of tempo-
rally distributed nodes, originating from temporally distributed
DB-RC, and is constructed by combining a passive spatially
distributed architecture with a semiconductor laser in an ex-
ternal delay line. We found that it mitigates the requirement
of needing a masking procedure, potentially increasing its
bandwidth compared to traditional temporally distributed RC
architectures due to not having to time-multiplex the input data
with the preprocessing mask. Furthermore, by using compound
reservoir computing with additional temporally distributed
nodes - which is also used in temporally distributed DB-
RC - we are able to easily expand the number of nodes by
combining the physical nodes present in spatially distributed
systems and the virtual nodes from temporally distributed
systems.

We show that we are able to outperform the computational
performance of the temporally distributed DB-RC with the
compound architecture on the Santa Fe time-series prediction
task, with the same number of nodes, and at a much higher
computing bandwidth. This increased performance is valid for
a large range of internal time delays of the compound archi-
tecture, indicating that precise tuning of this time delay is not
needed for this benchmark task. However, we also found that
the time delay between the physical nodes in the compound
architecture plays an important role in the performance for
accessing the higher order nonlinearity within the architecture.
This is reflected by the large nonlinear computational memory
capacities at small internal time delays. Our study also shows
that temporally distributed sampling in the employed spatially
distributed RC system is a simple yet effective tool to increase
the number of nodes. When compared to passive spatially
distributed RC, the nonlinear memory capacity is significantly
enhanced for the compound architecture when we apply ad-
ditional temporal nodes. Although we used specific reservoir
systems in our study, we think that the main conclusions will
also be applicable for other reservoir implementations.
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