Optics & Laser Technology 192 (2025) 114088

ELSEVIER

Contents lists available at ScienceDirect
Optics and Laser Technology

journal homepage: www.elsevier.com/locate/optlastec

“* Optics & Laser
Technology

Full length article

Advancing optoelectronic reservoir computing: enhancing performance
through ultrafast neuromorphic hardware technologies

Lilia M.S. Dias ™“®, Ana R. Bastos "“®, Tiago Alves ™, Elias Towe ¢, Rute A.S. Ferreira®®,

Paulo S.B. André "

@ Department of Physics and CICECO—Aveiro Institute of Materials, University of Aveiro 3810-193 Aveiro, Portugal

b Instituto de Telecomunicagbes, Instituto Superior Técnico, Universidade de Lisboa 1049-001 Lisbon, Portugal

¢ Department of Electrical and Computer Engineering, Carnegie Mellon University 15213 Pittsburgh, PA, USA

4 ISCTE - Instituto Universitario de Lisboa (ISCTE-IUL) and Instituto de Telecomunicagoes, Lisboa, Portugal

€ Department of Electrical and Computer Engineering, Instituto Superior Técnico, Universidade de Lisboa 1049-001 Lisbon, Portugal

ARTICLE INFO ABSTRACT

Keywords:

Neuromorphic engineering
Time series predictions
Signal classification

Signal reconstruction
Reservoir computing

Reservoir computing is a neuromorphic architecture based on artificial neural networks. It has gathered sig-
nificant attention due to its simplicity and efficiency in processing complex sequential data for real-world tasks.
We propose an advanced optoelectronic reservoir computing system that uses a single nonlinear node comprised
of a Mach-Zehnder interferometer, an optical delay line, and several high-bandwidth integrated optoelectronic
components. This system shows efficient performance on benchmark tasks such as signal recognition with an

accuracy of 100%, nonlinear channel equalization for generating reconstructed signals with symbol error rates of
10755, and time-series predictions that reach normalized mean square errors in the order of 1072,

1. Introduction

Research in information processing hardware has long been an area
of interest. It has evolved in tandem with electronic and photonic
technology advances that have opened up new research frontiers in
conceptual understanding. Artificial Intelligence (AI), a key driver for
this evolution, has been transforming society and technology [1]. The
von Neumann architecture of conventional computers, with memory
and processing units separated from each other, has become woefully
inefficient as data volumes and the complexity of Al models have grown
[2,3]. Inspired by the human brain, with its low power consumption of
only 20 Watts, neuromorphic engineering models have emerged as new
approaches to computing hardware design [4]. These models have
predominantly been implemented in the electronic domain [5]. How-
ever, because they have been facing challenges in speed and energy
consumption, new alternative hardware implementations are being
explored [3], such as the photonic computing that exploits the excep-
tional properties of light (e.g., diffraction, refraction, interference, and
scattering) [6]. In addition to the promise of higher speeds and energy
efficiency, photonic systems are expected to enable high bandwidth
interconnectivity and scalability [2].

* Corresponding author.

Reservoir Computing (RC) is among the most well-known neuro-
morphic architectures based on physical hardware that emulate artifi-
cial neural networks (ANNSs). It uses nonlinear recurrent dynamics
across three layers: an input layer, a core layer, and an output layer, with
only the latter being digitally trained with minimal complexity [7]
(Fig. 1.a). The simplicity in design makes processing complex signals
efficient, especially signals from sequential data, where temporal re-
lationships are captured using feedback delay loops. The RC systems
have been explored across multiple domains in both electronics and
photonics. Electronic reservoirs typically use a Mackey-Glass nonline-
arity with analog/digital converters as delay lines [8,9]. Optoelectronic
reservoirs are generally based on Mach-Zehnder interferometers (MZIs)
as nonlinear elements and optical fiber delay lines [10-13]. They also
use nonlinear wavelength dynamics [14] or silicon photonics with
electrical nonlinearity [15]. Other schemes are all-optical reservoirs
based on MZIs with optical fibers [16] or ring resonators [17].

This study advances a previous RC architecture [10] (Fig. 1.b) by
operating at higher sample frequencies (~12 GHz), therefore with
higher temporal resolution and enabling a larger number of neurons
(656) in a short delay line of 3 meters. Comparing to other RC archi-
tectures [11-13,16], the one proposed here combines a high neuron
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count with a short delay line. The performance was assessed through
real-world benchmark tasks that include signal classification (Fig. 1.c),
signal reconstruction (Fig. 1.d), and time-series prediction (Fig. 1.e).
This work demonstrates the effectiveness of the proposed design with
improved speed, scalability, and performance, which highlights the
potential of neuromorphic optoelectronic RCs as efficient auxiliary ac-
celerators within the conventional computing paradigm.

2. Principles of reservoir computing

The RC falls within the field of ANNs, where memory and compu-
tation converge to capture salient features and time correlations of
sequential input information. The three fundamental layers that
comprise an RC system are the (i) input, (ii) the reservoir, and the (iii)
output layer (Fig. 1.a). In the first layer, input signals are pre-processed
and injected into the reservoir. The core of the reservoir is the second
layer, comprised of N virtual neurons that process the information. At
the output layer, signals from the core reservoir layer are used for a
regression model training and testing [7].

The state of the reservoir is conceptually a combination of different
operations and weight matrices. Before injection into the reservoir, the
input vector is masked by multiplying each value of it by a random
matrix, M;,, whose elements store different weights for each of the N
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neurons to break the symmetry of the system [7,10]. The internal dy-
namics of the reservoir are based on connections with weights Wy, that
are associated with a fading memory, i.e., a signal attenuation, a, per
round-trip time, 7. The state of the reservoir, y(t), at a given instant can
be approximated by Eqn. (1), where xi(t) is the input data, b is a vector
of biases, and f(t) is a nonlinear function that describes the intrinsic
dynamics [10,18].

X(t) = f[MinXin (t) + aWiniz (t — 7) +b] m

The number of neurons N is obtained as the ratio between the round-trip
time (7) of the system and the sampling period () used to feed the
reservoir, Eqn. (2) [18], reflecting how many points can coexist and be
processed simultaneously. Therefore, a high sampling rate and/or a high
round-trip time enable an increased number of virtual neurons in the
reservoir, improving performance.

T
N= 2 ()
At the output layer, where the training is performed, the state of the
reservoir is correlated with a target signal through multiple linear
regression calculations that minimize a loss function, i.e., trains the
weights Wy to be optimal and used to generate the final response/
prediction of the reservoir [7,10].
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Fig. 1. Reservoir computing: (a) Schematic representation; an input signal x;, is multiplied (pre-processed) to provide the masked input signal, Mi,X;,, that is fed to
the reservoir; the core reservoir layer consists of a nonlinear (NL) node and a feedback fiber loop that can store N virtual neurons spaced in time by 6, and a total
round-trip time of 7 = N@; the output and target signals are used to train and test a linear regression model. (b) Illustration of the experimental setup of the
implemented RC system comprised of the key components: an arbitrary waveform generator (AWG), an electrical amplifier (Amp), a Mach-Zehnder Interferometer
(MZI), a laser, a polarization controller (PC), a beam splitter (BS), a photodiode (PD), a variable optical attenuator (VOA), an optical fiber, a photodiode with
transimpedance amplifier (PD + TIA), a mixer and an oscilloscope. The blue and orange arrows correspond to the optical and electrical signal paths, respectively. The
real-world implemented tasks are the (c) signal classification, (d) signal reconstruction, and (e) time-series prediction.
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3. Experimental implementation
3.1. Experimental setup

The experimental setup is depicted in Fig. 1.b. The input layer is
where the primary signals are first generated and pre-processed before
being sent to the AWG (Tektronix AWG7122B) operating at a sampling
rate of 12 GS/s. At the reservoir layer, the input signal is amplified using
an electrical amplifier (Model 5828A by Picosecond). The resultant
signal is then used to modulate an optical signal generated in a 10 Gb/s
MZI (Model T.MXHI.1-10PD-ADC-48 193337, Sumitomo Osaka
Cement). The MZI modulates the optical signal from a laser emitting at
1553 nm, with a linewidth of 3 MHz (Model AP3390A, APEX Technol-
ogies), and a power of 12 dBm. The input/output characteristic transfer
function of the MZI is shown in Fig.S1, representing the nonlinear
function of the reservoir. The optical output of the MZI is split in a 50/50
ratio by a beamsplitter (Model SWFC5150P002214, Oplink). Half of the
signal is sent back to the input point through a feedback loop that is
comprised of a variable optical attenuator (Model FVA.600, EXFO) with
attenuation fixed at 2.16 dB and a 3-meter-long single mode optical fiber
(G.652). This branch of the optical signal is converted into an electrical
signal with a photoreceiver (Model LabBuddy R401HG, Discovery
Semiconductor). The resultant electrical signal is amplified with an
electronic amplifier (Model 5828A, Picosecond Pulse Labs) and com-
bined with the original input signal from the AWG in an electronic
combining switch (mixer) with a bandwidth of 18 GHz (Model ZFRSC-
183-S+, Mini Circuits). The remaining optical signal from the 50/50
beamsplitter becomes the output, and it is fed into a photodetector
(Model DSC40S, Discovery Semiconductor), whose resulting electrical
signal is amplified and displayed on an oscilloscope (Model
DSO81204A, 12 GHz Agilent Infiniium). The amplifier gains were kept
fixed at 10 dB. The feedback gain of the reservoir is — 0.7 dB. The setup
settings were kept fixed during all the tasks. The system round-trip time
was experimentally measured as T = 54.7 ns, yielding according to Eq.
(2) to N = 656.

3.2. Benchmark tasks

For each task considered, input and target signals are generated for
the training and testing of the reservoir. For signal classification, the
input signal consists of randomly concatenated square and sinusoidal
pulses, where each pulse has 12 points. The target signal is a binary
array with 0/1 corresponding, respectively, to the points of the sine or
square pulses. The ability of the reservoir to reconstruct signals was
evaluated through the task of nonlinear channel equalization of signals
with four symbols [—0.75, —0.25, 0.25, 0.75] (Section S2.1 of the
Supplementary Information). The input signals were generated with
signal-to-noise ratios (SNRs) of 12, 16, 20, 24, 28, and 32 dB, as well as
the corresponding target signals. For each SNR value, 13,716 and 1,524
points were used for training and testing of the reservoir, respectively. In
the category of time-series prediction, the reservoir was evaluated using
four tasks. One task consisted of studying a Mackey-Glass system
(Supplementary Information Section S2.2 [19]). The second task was
based on the dynamics of a chaotic laser, whose time series behaviour
was acquired using the Santa-Fe competition method [20,21]. The third
task was also included in the Santa-Fe competition (heart rate record)
[22-24]. The targets consisted of input signals shifted by one time step
ahead of the original one. For each task, an average performance was
computed using signals with 1,524 points, broken down to 1,219 points
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and 305 points for training and testing, respectively. The fourth task
implemented was the nonlinear autoregressive moving average
(NARMA) constituted from a random sequence of white noise signals.
The target was a nonlinear autoregressive moving average model, which
considered past and present information (Equation S4 in Supplementary
Information, Section S2.3) [25]. For signal classification, nonlinear
channel equalization and NARMA time series prediction, the signals
with length 13,716 points result from a concatenation of nine input
sequences of 1,524 points that were individually processed by the
reservoir. The concatenation of signals was made to increase the size of
the training sets. For nonlinear channel equalization, the correlations
between the input sequences of 1,524 points were evaluated (Fig.S2,
Supplementary Information) revealing low correlation values (~0.1),
ensuring that the reservoir’s robustness was assessed across highly in-
dependent signals with the same SNR.

At the input layer, the signal is pre-processed into a high-dimensional
state that can be handled by the N virtual neurons of the reservoir. The
mask, Wi, isa 1l x Nrandomly generated array, whose values depend on
the application. We evaluated two random masks proposed in the
literature [18] and selected the one providing superior performance. For
signal classification and time-series prediction, random values were
drawn from a normal distribution in [0, 1], while for signal recon-
struction they were drawn from [-1, 1]. At the output layer, the readout
training creates multiple linear regression models between the outputs
to corresponding targets and the optimized regression coefficients are
then applied to make predictions on new testing datasets. The linear
regression was computed based on ordinary least squares objective
functions.

The size of the training and testing datasets differ for each task. Post-
processing of predictions is often required, as in the case of signal
classification. In this case, each square/sinusoidal pulse consists of 12
points, generating 12 predictions that are integrated into a single pre-
dicted value per pulse. A threshold level for post-processing was applied:
a histogram of the predictions was computed, and probability density
functions (pdfs) approximately centred at the discrete levels of 0/1 were
fitted. The optimal level of separation between the pdfs was calculated
and used as a threshold to determine the final predictions. The perfor-
mance of the reservoir is assessed by comparing the final predictions of
the reservoir to the target signals in the training and testing. The per-
formance was evaluated using accuracy for signal classification (Eq. S5),
SER for signal reconstruction (Eq. S6), and NMSE for time-series pre-
diction (Eq. S7, Supplementary Information), following typical proced-
ures in the literature (Table S1, Supplementary Information).

4. Results and Discussion
4.1. Signal classification

The pattern recognition capability of the RC was evaluated through a
signal classification task. Examples of the original and masked input
signals, along with the corresponding reservoir output, are shown in
Fig. 2.a-c, respectively. The reservoir testing predictions (Fig. 2.d) are
post-processed through integration in blocks of 12 points that form each
pulse (Fig. 2.e), and the corresponding histograms and fitted pdfs were
computed to obtain the optimal separation level (Fig. 2.f). The separa-
tion level obtained was used as a threshold for determining the final
predictions of 0/1, as shown in Fig. 2.g. The performance of the RC for
this task achieved an accuracy of 100% in training (Fig.S3, Supple-
mentary Information) and testing.



L.M.S. Dias et al.

Optics and Laser Technology 192 (2025) 114088

a b c
s s S
(] (0] (0]
ke o ge)
20 20 20
g g 5
S -1 & -1l G -1t
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
time(us) time(us) time(us)
e 1 :
2 y "
3]
5 0S[ xxd|_| L _
Ot L L
5 10
time(us) time(us)
f r r r r r ., N
% T 1, 9 .
10F |
N L,
S ! l1e Sosf :
w 5F o
i I
0 . il 4 =0 0 L N "
0 0.2 0.4 0.6 0.8 1 5 10 15
Predictions time(us)
—— Targets X Predictions — Threshold

Fig. 2. Signal Classification. Segment of the a) original input, b) masked input and c) corresponding reservoir output signals used in the testing of the RC; reservoir
predictions d) before and e) after post-processing by integrating in blocks of 12 points; f) histogram and fitted pdfs to the processed predictions with the optimal level

of separation used as a threshold to obtain the g) final test predictions.
4.2. Signal reconstruction

The proposed reservoir was evaluated in the reconstruction of signals
that went through a noisy nonlinear channel. As an illustrative example,
consider the case for an input signal with SNR = 12 dB. Fig. 3.a shows
the histogram of the input signal, with a high overlap between the
Gaussian pdfs of each symbol value, yielding SER = 5.2 x 107°, Testing
the reservoir produced a reconstructed signal, with its distribution
shown in Fig. 3b. Each symbol is clearly distinguishable in the pdf, as
further supported by the comparison of predictions versus the target

signal in Fig. 3¢, accompanied by a reduced SER (2.4 x 1072°), The SERs
for the original and reconstructed signals were obtained for different
SNR values (Fig.S4-S5, Supplementary Information), revealing an
improvement in the reconstructed signals with SER values down to 2.3 x
1075 for SNR = 32 dB (Fig. 3.d), proving the usefulness of the reservoir
and its potential to perform nonlinear channel equalization.

4.3. Time-series prediction

Three time-series datasets were used, namely the Mackey-Glass
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Fig. 3. Nonlinear channel equalization. Histogram and fitted probability density functions of the a) input signal with SNR of 12 dB and the b) reconstructed signal
(testing predictions); ¢) symbol targets and testing predictions; d) SER of the input and reconstructed signals in training and testing as a function of the SNR.
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signals (input signals shifted one timestep forward) versus the testing predictions from the reservoir, respectively; in e),f) the time scale is shown for the heart-rate
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system (Fig. 4a), a chaotic far-infrared laser (Fig. 4c), and a heart rate
record from a suspected sleep apnea case (Fig. 4¢), the latter two from
the Santa Fe time-series competition [25]. In this example, the
conceptualization of the target signals differs as the inputs are time-
series, and the targets are time-series shifted by one time-step to the
future. Fig. 4.b,d,f show the testing predictions for the Mackey-Glass,
chaotic laser, and heart rate datasets, yielding NMSEs of 1.6 x 10'2,
1.2 x 10?2, and 2.4 x 10, respectively (the corresponding training
results are shown in Fig.S6 in Supplementary Information). In a fourth
task, we evaluated the NARMA-10 benchmark, a time-series prediction
problem where the input is a random sequence and the target is
generated by a nonlinear autoregressive moving average model. This
task tests the reservoir’s ability to capture the memory of the past 10
time-steps [25], yielding NMSE = 4.6 x 10~} during the test phase (Fig.
S7).

5. Summary

A reservoir for neuromorphic computing was constructed using high-
speed optoelectronic components, enabling operation at 12 GHz and the
use of a 3-meter optical fiber delay line for efficient feedback. This
compact delay line allows for a more efficient and scalable system
design. The computational power of the reservoir arises from a large
number of virtual neurons (656) confined within the system. The system
achieved 100% accuracy in signal classification and a SER on the order
of 10 for nonlinear channel equalization. It also demonstrated low
NMSE values in time-series prediction tasks for Mackey-Glass, Chaotic
Laser, heart-rate beat, and NARMA-10 time series. The proposed reser-
voir achieves superior performance despite the short delay line. Oper-
ating at high sampling frequencies allows for a high neuron count, which
directly enhances computational capacity. The performance demon-
strates that the system is not only a versatile, multi-purpose reservoir but
also particularly suited for tasks requiring high precision and efficiency.
Furthermore, the work highlights the potential for developing special-
ized optoelectronic reservoirs optimized for specific applications,
opening new pathways for high-performance neuromorphic computing
systems.
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