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Dispersion-managed fiber echo state network
analogue with high (including THz) bandwidth
Mariia Sorokina

Abstract—We propose a design for high (including THz)
bandwidth neuromorphic signal processing based on fiber echo
state network analogue and demonstrate through numerical
modeling its efficiency for distortion mitigation in optical communications with high-order (including 1024-QAM) formats. This
is achieved via all-optical implementation of masking and neural
functionality by utilizing dispersion and nonlinear properties of
the fiber. The design is flexible and format-transparent making it
relevant for future communication systems. The model is simple
to implement, as it requires only two attenuators and pumps in
addition to a traditional nonlinear optical loop mirror (NOLM),
and offers a vast range of optimization parameters.

high-order quadrature amplitude modulated (QAM) signals.
The design is flexible which is demonstrated by utilizing
the same setup with fixed parameters for processing signals
ranging from 30 GHz to 1 THz bandwidth modulated with
formats from 64- to 1024-QAM. Although the demonstration
is limited to a single channel operation, together with the
ongoing research of multichannel DM-FESNA [5], the work
paves the way to further exploration and exploitation of fiberbased neuromorphic technology resolving limitations of other
platforms.

Index Terms—Neuromorphic computing, signal processing,
Optical communications

II. M ETHOD

I. I NTRODUCTION
The demand for faster realisation of complex signal processing algorithms drives development of novel optical signal processing approaches. Optical neuromorphic processing,
specifically Echo State Networks (ESN) [1], enables optical
realisation of neural networks with relaxed training complexity. One of the first demonstrations of an optical ESN
utilizing GHz bandwidth was based on a semiconductor laser,
which was also used recently for pulse amplitude modulated
(PAM) signal processing [2]. Recently we introduced a new
approach - fiber ESN analogue (FESNA) [3], which makes it
possible to receive nonlinear ”neuron” functionality via signalpump beating. FESNA has enabled high bandwidth (over
30 GHz) and dual-quadrature signal processing. However,
the bandwidth and processing speed were limited by the
electrical component, which realised synaptic weights. To
overcome this limit, we proposed to utilize fiber dispersion for
synaptic signal mixing [4] - dispersion-managed FESNA (DMFESNA). This was an important step towards implementation
of neuromorphic technology for signal processing: while many
signal processing applications require feasibility in bandwidth
range and multidimensional processing (such as multichannel
signals in optical communications), conventional neuromorphic technologies are limited to a few GHz bandwidth and
a single channel operation due to fundamental limitations of
the utilized materials, such as silicon or semiconductor. On
the other hand, modern transmission systems operate at the
bandwidth range of a few THz with ongoing research on ultra
high bandwidth communications (incorporating 10 THz and
higher).
Here we elaborate on the design of DM-FESNA and illustrate its flexibility with demonstrations ranging from 30
GHz to 1 THz. We demonstrate the application of the proposed system on the example of distortion mitigation tasks of
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Typical neural network consists of virtual nodes, which
emulate neurons, by mixing signals from neighboring nodes
with the given weights and performing nonlinear processing, see Fig. 1(a). While neural networks usually require
a significant amount of training, Echo state network (ESN)
relaxes this complexity as it assumes nodes in network to be
randomly connected and training involves only optimization of
the output weights. Moreover, ESN can be realised optically
by a single nonlinear element with a feedback delay loop [6].
One can distinguish two major parts in ESN processing:
signal mixing and nonlinear transformation, denoted in Fig.
1(b) by dashed square and grey circle correspondingly. Their
optical analogues are depicted in Fig. 1(c), while the impact of
each component is represented in Fig. 1(d) demonstrating its
relation to the ESN concept in Fig. 1(b). At the first stage, the
input signal u is injected gradually to the setup, as denoted
by the sequence un , and the samples are constantly mixed
together as defined by an input weights matrix Win and with
a signal from a feedback loop xn through a different weight
matrix W. This signal mixing process is emulating synaptic
interactions, see dashed square in Fig. 1(b).
At the second stage, the nonlinear response of the neuron
is modeled by the nonlinear activation function, denoted by a
circle in Fig. 1(b). The output is then fed back to the loop.
Meanwhile, the output signals from the feedback loop are
gradually collected at the receiver X = [...xn , xn+1 , ...]. Creating an augmented state matrix. For each sample of the input
signal un , N -dimensional xn -vector is collected. At the final
stage the state matrix is used to obtain the optimum weights
Wout by a simple linear regression or pseudo-inversion; this
can be done offline or online. Thus, one can achieve neural
network processing in optical domain.
Fiber-optic realisation of ESN - fiber ESN analogue
(FESNA) - was proposed in [3], where fiber Kerr nonlinearity
was used to emulate neural response, denoted by a circle
in Fig. 1(b-c). The scheme enabled to process signals with
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Fig. 1. Design. (a) Neural network concept; (b) Echo state network (ESN), where the main parts of the processing signal mixing and nonlinear transformation
are denoted by dashed square and grey circle correspondingly; (c) fiber-optic ESN analogue (FESNA) for dual-quadrature signal processing with parameters:
modulated pump (ξ = 1 + 1i), highly nonlinear fiber (HNLF) parameters |ξ|2 /2γL = 2.2π, attenuation coefficients (A1 = −18.5dB, A2 = −6dB), gain
G = 24dB, and dispersion compensating fiber (DCF) inducing signal dispersion of D = 10ps2 ; (d) impact of the proposed scheme on the signal: upon
combining the input signal u with the accumulated feedback x, both undergo dispersion induced pulse broadening D̂, which results in the effective mixing of
signals with the acquired weights distributed in sin/cos shapes depending on the distance in time between the samples. This represents the weight matrices
W and Win (the difference between which is controlled by the amplifier G applied to the input signal u). After the subsequent nonlinear transformation the
resulted signal is fed back becoming updated x and also collected at the receiver.

higher bandwidth compared to previous realisations (e.g. based
on semiconductor laser) and for the first time enabled dualquadrature signal processing.
This was achieved by utilizing nonlinear loop mirror configuration [7], which is effectively used for optical signal processing [8], [9], [10]. By choosing pump powers and fiber length to
enable 2π-phase shift, a nonlinear sine-transformation of both
signal quadratures in two branches of the fiber interferometer
was achieved.
However in [3], the weights (W and Win ) were assumed
to be applied electronically, similar to [2] or [11], [12],
[13]). Thus, although fiber enables processing of high bandwidth signals, previous setup was limited by the bandwidth
of the available electrical components for signal masking.
Here we present a solution for this problem (see Fig. 1(c)
dashed square) by utilizing fiber dispersion to achieve synaptic
weights. This enables an all-optical FESNA realisation.
To realize signal masking, the injected signal is amplified
with amplification parameter G and combined with the feedback signal x, whereupon the resulted signal v = Gu + x
goes through dispersion compensating fiber (DCF) with the
fixed dispersion coefficient:
r
Z ∞

i
(t − t0 )2 
v(t0 ) exp − i
(1)
D̂[v(t)] =
2πD −∞
2D

Thus, for each symbol duration ts an effective signal mixing
covers Dt−2
s symbols. Depending on the sampling rate at the
mixed samples, which
receiver Ns , there are N = Ns Dt−2
s
can be viewed as an analogue of the reservoir size or the
number of virtual neurons.
As a result of mixing, and as schematically depicted in
Fig. 1d), the dispersion-mixed signal acquires more variation
between samples than the injected u. The dispersion-induced
masking represents the weight matrices W applied to real
and imaginary components with sine/cosine-based variation
enabling mixing between the signal components. The variation
between the weight matrices W and Win is achieved through
the change in the amplifier gain G and the dispersion D.
The higher/lower value of D results in a smoother/sharper
signal mixing and larger/smaller memory. The purpose of the
amplifier G is to induce different mixing between the input
and feedback signals. Without the amplifier, using dispersion
only, we receive what we call dispersion-managed FESNA
(DM-FESNA) and although its performance is similar to the
ideal FESNA (with optimal electronic masking) at high signal
powers, it decreases quickly at smaller signal powers. The insertion of the amplifier and optimization of its gain parameter
G, further referred as optimized DM-FESNA (ODM-FESNA),
enables to achieve as good performance as the ideal FESNA
in the operating regime of interest (around BER = 10−3 ).
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Whereupon mixing, signal undergoes the nonlinear transformation, where both transformed quadratures experience sinebased transformation of real/imaginery parts in upper/lower
branches of the fiber-based interferometer:
N̂[v] =

p

d u ] + iHNLF[v
d l ])
A2 /2(HNLF[v

d
where HNLF[v]
denotes the Kerr-nonlinearity of the HNLF.
The resulted output is fed back into the system as a new x,
thus, resulting in the iterative process of updating ESN states
and inducing memory. Also a copy is collected at the receiver.
Note, that ESN does not require any additional feedback
apart from the transformed signal x. This brings an important
advantage of the ESN implementation as it requires only one
feedback loop, which is formed directly from the transformed
signal.
At the receiver the processed signal is sampled collecting
a sequence of samples for each symbol and thus, creating
the augmented matrix X. Linear regression is performed
electronically to extract symbols from augmented matrix X.
Unlike conventional neural networks, which require complex
training and processing at the receiver, the advantage of
ESN architecture is in the reduced complexity training, which
requires only an optimization of the output weights (Wout )
through a simple linear regression or matrix inversion, namely
for a given target function Yt :
Wout = Yt XT (XXT + λI)−1
where λ is a regularization factor and I is an identity (or unit)
matrix.
The sampling rate at the receiver is an important optimization factor, which here was chosen to be Ns = 32 samples
per symbol (SpS). This is typical for optical communication
systems, where Ns = 2 SpS is sufficient for the simplest linear
equalization (LE), while more advanced signal processing
techniques, such as Digital Back Propagation (DBP), usually
requires Ns = 16 SpS. The parameters of DCF and HNLF
fibers, as well as, pumps are optimisation parameters, the
values of which will depend on the signal properties and type
of distortions. Here for a case of distortions compensation in
optical communication links, we chose the standard off-shelf
available highly nonlinear fiber, with nonlinear, dispersion,
and attenuation coefficients of 10.5 1/W/km, -1.5 ps/nm/km,
and 0.8 dB/km, respectively. Here and further in the paper,
the numerical simulations were conducted using the standard
split-step Fourier method (to ensure high precision we used a
variable step size with maximum phase change 0.01). Note, to
compensate for high losses in the fiber, the fiber length was
optimized, which resulted in the relation Pξ γHN LF LHN LF =
2.2π (here we used pump power Pξ = 1W and a fiber
length of LHN LF = 650m)). Overall, the effect of dispersion
was negligible for the considered signal properties. Note,
that higher values of nonlinear coefficients are also available,
including some twice as high, which will further reduce the
HNLF length.
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Table 1: DM-FESNA system parameters
Samples per symbol
32
Maximum phase change
0.01
Pump power
1W
HNLF Length
650 m
HNLF Attenuation coefficient
0.8 dB/km
HNLF CD
1.5 ps/nm/km
HNLF Nonlinearity
10.5 1/W/km
Attenuators’ parameters
A1,2 = −18.5, −6dB
Amplifier gain
G = 24dB
DCF Dispersion
D = 10ps2
III. R ESULTS
We demonstrate an application area of the proposed alloptical FESNA technology by using it for distortion compensations. We start with a typical fiber-optic communication system
parameters: a single 30 GHz channel modulated with rootraised cosine pulses having 0.1 roll-off transmitted over 100
km single span with varied signal power, see Fig. 2(a). In Fig.
2(b) we study the spectrum broadening due to transformations:
one can see that the broadening is small. Here we focus on single channel operation, leaving multichannel regime to further
research. The parameters are chosen to demonstrate processing
efficiency of the the proposed technology for the recordhigh bandwidth. The optical fiber link of communication
system has 17 ps/nm/km dispersion, 0.2 dB/km attenuation
and 1.4 1/W/km nonlinear coefficients. Our focus here is
the nonlinear transmission regimes, so we use high input
signal powers. We use 1000 symbols for training and 221
QAM-modulated symbols for testing. The optimum number
of symbols for training was found to be 1000 symbols and
was determined by simulations (as smaller numbers resulted
in poorer performance, while larger numbers have led to
overfitting). The number of symbols for training was chosen
to give at least 100 errors for each error rate calculation point.
To quantify the performance, we use bit error rate (BER)
as a performance metric. We compare FESNA performance
with the standard linear equalization (LE), which compensates
for the circular phase shift and other linear distortions. Note,
LE represents the minimum distortion compensation technique
that is typically employed, presenting the lowest performance
level compensation.
Table 2: Communications system parameters
Maximum phase change
0.01
RRC Roll off
0.1
Bandwidth
30 GHz; 100 GHz; 1 THz
Length
100 km; 1 km; 0.5 km
Attenuation coefficient
0.2 dB/km
CD
17 ps/nm/km
Nonlinearity
1.4 1/W/km
The performance comparison is plotted in Fig. 2(a), which
shows that the gain in BER is growing for higher nonlinearity
and higher order formats. Here we study the ideal FESNA
(electronic ESN algorithm with fiber nonlinearity as a neuron activation function) compared to an optical dispersionmanaged DM-FESNA and optimized ODM-FESNA. One can
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Fig. 2. (a) Performance comparison of different distortion compensation techniques: Linear Equalisation (LE) and ideal Fiber Echo State Network Analogue
(FESNA) with its optical realisations: Dispersion-Managed FESNA (DM-FESNA) and optimized DM-FESNA (ODM-FESNA) for 64- and 256-QAM signal
transmitted through 100 km of standard single-mode fiber; (b) Spectra of 30 GHz signal before/after (blue/red) ODM-FESNA; (c) Spectra of 100 GHz signal
before/after (blue/red) ODM-FESNA and (d) Spectra of 1 THz signal before/after (blue/red) ODM-FESNA.

see that for very high nonlinearity the performance of DMFESNA is similar to that of ideal FESNA, but starts to decrease
to that of LE-performance for lower powers. Thus, if one is
interested in performance of BER of the level of 10−3 and
lower, one needs to use ODM-FESNA, performance of which
is comparable to that of the ideal FESNA. Comparing performance for different formats, we see that the higher the order
of QAM, the better the gain. Indeed one can see that at BER
level of 10−3 when compared to LE only, FESNA offers 2
dB and 3dB gain for 64- and 256-QAM correspondingly. This
is because higher QAM is associated with higher nonlinearity
(more sensitive to signal-to-noise ratio) and this gives FESNA
more operational gain. This is a very important feature as for
the same complexity FESNA can give a higher gain for higher
order formats making it highly relevant for future optical
systems, which move to more complex formats [14]. Given
that machine learning algorithms and, in particular, neural
networks are being developed for optical communications
[15], [16], the proposed optical FESNA can be a promising
technology for this area. As an additional demonstration of the
performance, we plot a spectrum of 256-QAM 30 GHz format
in Fig. 2(b) and constellation symbols for 64- and 256-QAM
in Fig. 3(a,b) with LE only (blue) and ODM-FESNA (red).

to process higher bandwidth signals, which could be relevant
for future communication systems, where ultra-wide band
communications and high-bandwidth receivers are in development [14]. Moreover, to illustrate the ability of the proposed
technology to process high bandwidth signals further we
include the study of 100 GHz and 1 THz signals. This demonstration is a necessary step for future applications of neurmorphic technologies in optical communications. Although, here
we are confided to a single-channel operation, the proposed
technology DM-FESNA is at the core of multichannel signal
processing [5]. As here we consider a single-channel operation, we reduce the transmission distance to avoid the effect of
higher order nonlinear effects (such as Brillouin and Raman
scattering). Nevertheless, the considered set of parameters
(including higher order QAM) enables to demonstrate the
ability to mitigate nonlinear distortions. Here we use similar
transmission setup increasing signal bandwidth to 100 GHz
bandwidth, see Fig. 2(c), with the same modulation format,
see Fig. 3(c), and 1 THz bandwidth in Fig. 2(d) with 1024QAM modulation format in Fig. 3(d) with varied transmission
distance 1 km and 0.5 km for 100 GHz and 1THz signals
correspondingly with the increased input power of 20 dBm.
At these parameters BER has improved from 0.027 and 0.012
using LE only to the level of 10−3 with the proposed ODM-

Furthermore, we demonstrate the applicability of the setup
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Fig. 3. (a) 64- and (b) 256-QAM 30 GBaud signals transmitted through 100 km fiber at 10 dBm input power after LE (blue) and ODM-FESNA (red); (c)
256-QAM signals transmitted through 1 km fiber at 20 dBm with LE/ODM-FESNA (blue/red); and (d) 1024-QAM signals with transmission length 0.5 km
at 20 dBm input power with LE/ODM-FESNA (blue/red).

FESNA processing. Here we used the fixed ODM-FESNA
setup for various input signal parameters. The aforementioned
examples, demonstrate the efficiency and flexibility of the
system when processing high bandwidth signals.
One can see that the proposed FESNA enables significant
improvement in performance and is modulation format transparent, which is of high importance for modern communication systems. Overall, the figure illustrates that all-optical
neural network realization based on FESNA enables highefficiency mitigation of linear and nonlinear distortions for
high-bandwidth signals.
IV. C ONCLUSIONS
The proposed design is the first all-optical fiber-based neuromorphic technology for high bandwidth processing (reaching 1 THz). We demonstrate its application for distortion
mitigation in optical communications with over 2 dB gain for
64-QAM and 3 dB gain for 256-QAM formats. The technology
enables to perform neural network based signal processing in
optical domain. It is scalable to different power levels and
modulation formats.
Mariia Sorokina is acknowledging support from the
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