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Experimental implementation of reservoir computing with a
semiconductor laser subject to optoelectronic feedback
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We present the results of experimental research of a reservoir computing system based on a semiconductor laser
with optoelectronic feedback. In the research, the memory capacity of the system and error in predicting the chaotic
Mackey—Glass time series have been determined. The effect of the system pump current, feedback strength and

number of nodes on its performance has been investigated.
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Reservoir computing (RC) is such an approach to
machine learning, which is based on the dynamic system
nonlinear response to the input signal. The RC systems are
used for solving time-dependent problems and analyzing big
data; their distinctive features are a simplified approach to
the system training and energy efficiency in implementing
it based on physical devices. There have already been
experimentally demonstrated systems based on optoelec-
tronic oscillators [1,2], optical-feedback (FB) semiconductor
lasers [3], and photonic integrated circuits [4]. Among
physical, and, in particular, optical implementations of RCs,
systems with time delay (TDSs) [5] are especially common.
The TDS basis is using a single nonlinear node and time-
delayed FB. Along with this, time multiplexing is used to
create N virtual nodes similar to those of recurrent neural
networks, which are distributed in the FB circuit at fixed
time intervals ty [3,5].

In this work, the TDS system based on an optoelectronic-
FB semiconductor laser, which was previously considered
in theoretical works [6-8], has been studied experimentally;
dependence of its memory capacity and error in predicting
the chaotic time series on the system parameters have been
determined.

Schematic diagram of the experimental setup is given in
Fig. 1. This setup employs standard optical components
with single-mode fiber leads with FC/APC connectors and
is insensitive to changes in the optical field polarization
state and phase. In implementing this approach, a single-
frequency continuously emitting laser was used as a source
of laser radiation. The modulation bandwidth of the laser
pump current governs the frequency of entering data into
the system and number of nodes, which are achievable in
the system in question (see below). In this work, we used a
distributed-feedback laser diode Nolatech DFB-1550-14BF
(LD) with the wavelength of 1550 nm, threshold current of
9mA, and output power of 5mW at the current of 40 mA,
whose temperature was stabilized by using temperature
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controller ELECDEMO KW_DFB (TC). LD was powered
by a stabilized current source Keysight N6705C (CS). Laser
radiation passed through the optical insulator (OI) and was
recorded by photodetector Alphalas UPD-15-IR2-FC (PD);
a part of the photodetector output signal was recorded by
oscilloscope UXR0204A Keysight and used to fix the values
of the RC system nodes; another signal part was fed into FB.
The FB electronic part consisted of a non-inverting radio-
frequency (RF) signal amplifier WYDZ-LNA-10M-6GHz
30dB (RFA1), attenuator DYKB DC-6GHz with the atten-
uation coefficient varying with the 0.25dB step (ATT), RF
signal combiner SHWLCB2-204000S (COMB), inverting
amplifier Mini-Circuits ZX60-V82-S +20-6000MHz 13 dB
(RFA2), signal inverter (INV), and bias treatment device
Mini-Circuits ZX85-12G-S+ (BT). The input signal was
fed into the system with the aid of the Keysight M8195A
arbitrary-waveform generator.

The system FB strength ki is defined as the resulting
gain: K¢p = K; — K + K2, where kj , is the fixed gain of
RFA1 (RFA2) equal to 30 (13)dB, ka is the variable
attenuation coefficient of the attenuator used to vary the

ATT
Signal
generator
COMB >INV
Figure 1. Schematic diagram of the optoelectronic reservoir

computing system. Red lines represent the optical signal; black
lines are for the electrical signal. The figure variant with colored
lines is given in the paper electronic version.
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Figure 2. The system memory capacity (MC) versus the pump current and feedback strength. N = 20 (a) and 40 (b).

feedback strength. The FB signal delay determined exper-
imentally by using rectangular pulses from the waveform
generator is 23.8 ns, which matches the bypass frequency of
42MHz. The RC system energy consumption is no more
than 2W (besides the energy consumption of the generator
and oscilloscope).

Input signals are entered into the RC system sequentially
by modulating the LD pump current. The time of entering
one value Ts = Nty is made close to the FB signal delay
time but slightly different so as to eliminate resonance
effects that significantly degrade the system performance [8].
To set the weights of the reservoir input layer, each input
value § at the i-th input step is modulated during the input
time by the so-called mask [5], that is, a piecewise constant
function with random fixed values different at each interval
tn, which is defined for time interval Ts. The TDS system
output value is created by fixing the LD radiation intensities
with PD and oscilloscope at time moments related to the
virtual nodes and multiplying them by the output layer
weighting coefficients determined at the training phase via
linear regression [5,9].

The best performance of the system under consideration
was previously predicted theoretically to occur near the in-
stability boundary of the stationary lasing mode [6,7], which
was found experimentally at ki, = 27dB (kq = 16 dB) for
the pump current of 9—-25mA. The band of the laser
pump current modulation by the —10dB level is limited
to the frequency of 1.4 GHz, while the FB passband is
0.01-2GHz. The RC system characteristics were studied
depending on the FB strength, LD pump current and
number of the system nodes N. Symbol input frequency
1/Ts = 40 MHz determines the pump current modulation
frequency and, hence, the laser power modulation fre-
quency as 1/ty = 1/(TsN) = 0.8 and 1.6 GHz for 20 and
40 nodes, respectively. To ensure synchronous reading of
virtual nodes, the PD output signals were recorded with an
oscilloscope with the sampling frequency multiple to the
pump current modulation frequency: 4 and 8 GHz for 20
and 40 nodes, respectively. To find standard deviation for
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each measured characteristic of the system, the RC process
was repeated five times.

The memory capacity (MC) characterizes the system$
ability to restore the previously entered data [9]. It is defined

as
MC = mcy = w, 1

2=l ooy Y
where mcy is the memory function, cov is the covariance,
O is the output value at the i-th input step, S_q is the input
value entered d steps earlier, 62 is the dispersion. Memory
function mcy represents the relationship of the reservoir
output data with input data entered d steps earlier [10]. The
input signal was generated by a sequence of 5000 random
values uniformly distributed in the [-1,1] interval. Fig. 2
presents experimental MC values versus the pump current
and feedback strength. The greatest memory capacity is 10.5
for N = 40, ktp = 27dB and pump current of 17 mA. The
increase in pump current leads to an increase in memory
capacity, i.e. the system becomes more linear. In [3] where
the physical laser-based RC system was also implemented,
the memory capacity did not exceed 8. In our RC system,
the memory capacity increases only slightly with the node
number increase to N = 40, which may be due to the fact
that the LD modulation bandwidth and FB passband are
limited.

By solving the task of predicting a chaotic time series of
the Mackey—Glass system, it is possible to evaluate the RC
system ability to predict the series values one step ahead [3].
The dynamic Mackey—Glass system is defined as

dy(® _ _ay(t—7)
= (2)
dt l+yPt—1
where ¢ = 0.2, 8 =10, y = 0.1 and 7 = 17. To obtain the
time series, equation (2) was solved by the Euler method
with the step of 0.17, every third point being fixed [3].

The prediction error is estimated as the normalized root
mean square error (NMSE):
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Figure 3. Error (NMSE) in predicting the time series of the Mackey—Glass chaotic system versus the pump current and feedback

strength. N = 20 (a) and 40 (b).

where L is the test sample length equal to 1500, Y; is
the target (true) value at the time series i-th step defined
by (2), O; is the i-th step value predicted by the system.
In this problem, the prediction error varies in the range of
0.02—-0.04 (Fig. 3), which is comparable with the results
of [1,3], while relative standard deviation does not exceed
4%, which confirms stable repeatability of calculations.

Thus, in this work we have studied experimentally
a semiconductor-laser-based reservoir computing system
with optoelectronic feedback, which is characterized by
low power consumption (no more than 2W). We have
determined the system$ memory capacity whose maximum
value is ~ 10 and solved the problem of predicting the
Mackey—Glass system time series with the lowest predic-
tion error of 0.02. The results point to perspectives of the
system under consideration.
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