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Abstract We experimentally demonstrate real-time all-optical equalisation of nonlinear fibre distortions
using a silicon photonic recurrent neural network. A 28 Gbps OOK signal is equalised with BER below
the GFEC threshold 5.8× 10−5 for fibre links up to 50 km. ©2025 The Author(s)

Introduction

Although originally developed for high-speed, long-
distance communication, optical networks are now
increasingly utilized in novel applications such as
cloud computing and edge services, which involve
significant volumes of short-reach traffic within and
between data centers. For these short-haul links,
intensity-modulation direct-detection (IM/DD) re-
mains the preferred choice due to its lower cost
and power requirements compared to coherent
transceivers designed for more complex modula-
tion schemes[1]. However, IM/DD systems inher-
ently discard phase information, which imposes
limitations on achievable bit-error rates (BER)
when contrasted with coherent alternatives. As
network demands continue to escalate, improving
both the data throughput and power efficiency of
IM/DD technologies has become essential. These
systems now encounter dual performance bot-
tlenecks: nonlinear signal distortion caused by
the optical fiber, and signal degradation from the
frequency-dependent response (power fading) of
the IM/DD transceivers.

Although digital signal processing techniques
can mitigate nonlinear effects, they often come
with substantial power consumption and associ-
ated costs[2],[3].

To address these issues more efficiently,
machine learning approaches—both digital
and analog—are gaining traction as promising
alternatives[4]–[10].

One promising analog solution involves leverag-
ing photonic neural networks to preprocess optical
signals prior to detection. This strategy allows
the signal to be conditioned before encountering
power fading effects at the receiver, thus avoid-
ing the need for energy-intensive post-detection
processing. Notable progress has been made
with time-delay based reservoir computing sys-
tems and extreme learning machines[11]–[16]. An-
other emerging technique employs a spatially-
distributed reservoir computer, in which a random
recurrent neural network processes the input sig-

nal, while only the output layer undergoes train-
ing. This paper reports, to the best of our knowl-
edge, the first experimental realization of such a
system operating in real-time with a fully optical
readout[17],[18].

In this study, we developed, fabricated, and ex-
perimentally evaluated a spatially-distributed reser-
voir computing system, applying it to a 28 Gbps on-
off keying (OOK) transmission over fiber lengths
up to 50 km. We also assessed its performance
at launch powers reaching 17 dBm, well into the
nonlinear regime. Under these conditions, our sys-
tem achieves BER values as low as 4× 10−7, all
comfortably below the standard forward error cor-
rection (FEC) threshold of 5.8 × 10−5 commonly
employed in Ethernet standards.

Reservoir design
Our photonic reservoir computing (RC) system
is fabricated using a Silicon Nitride platform fea-
turing a four-port topology[19]. At each reservoir
output, signals emerge as superpositions com-
posed of multiple components with distinct phase
shifts and propagation delays. The inherent ran-
domness essential to reservoir function originates
from slight fabrication-induced variations, partic-
ularly waveguide length differences and surface
roughness fluctuations. Consequently, each fab-
ricated chip exhibits a unique yet fixed pattern of
random phase shifts across propagating signals.
The photodiode at the system output introduces a
nonlinear transformation, converting these phase
variations between overlapping signals into mea-
surable power fluctuations.

The reservoir architecture incorporates eight
nodes, each realized using multimode interfer-
ometers (MMIs) interconnected through passive
optical waveguides. Figure 1 presents a micro-
scope image highlighting the fabricated photonic
chip. A crucial parameter influencing reservoir per-
formance is the length of these interconnecting
waveguides, which effectively serve as delay lines.
These lengths must be precisely matched to the
targeted signal data rate. Numerical simulations



Fig. 1: Design of photonic integrated reservoir (a) Microscope image of the chip design with a blue rectangle showing a node,
and a red rectangle showing a weight implemented as an MZI with heaters.

suggest that setting the delay to approximately
half of the bit period provides an optimal balance
in signal propagation through the reservoir.

The output layer is composed of eight Mach-
Zehnder interferometers (MZIs), each directly as-
sociated with a reservoir node. Each MZI is indi-
vidually controlled by two thermo-optic heaters,
whose temperatures can be finely adjusted by
varying the electrical currents, which in turn will
adjust the resulting phase and amplitude of the
output signal. This allows the individual reservoir
signals to be weighted before they are combined
by a summation structure.

Importantly, all reservoir components are pas-
sive and linear, substantially simplifying both the
fabrication process and operational control. In-
tegration of nonlinear photonic components typ-
ically poses significant challenges, either due to
the necessity of specialized materials or complex
resonance-based control schemes. However, the
only source of nonlinearity in our design is the
photodiode at the final stage, already inherently
required to convert complex optical fields into mea-
surable intensity signals. This nonlinearity turns
out to give us enough computational power for the
task at hand[20].

Experimental-Set up
The experimental arrangement used in this study
is illustrated in Figure 2. Initially, a continuous-

wave (CW) laser operating at 1550 nm wavelength
undergoes intensity modulation via an on-off key-
ing (OOK) modulator, resulting in an optical data
stream at 28 Gbps. Rather than using conven-
tional pseudo-random binary sequence (PRBS)
generators, the modulation sequence is gener-
ated by the Mersenne Twister algorithm. This ap-
proach prevents the reservoir from simply learning
the PRBS rule and instead ensures genuine sig-
nal equalization capabilities. Distinct initialization
seeds are used for the generation of training and
testing datasets. Following modulation, the opti-
cal signal is amplified by an erbium-doped fiber
amplifier (EDFA) to a constant power level of 20
dBm, and subsequently, an adjustable attenuator
accurately sets the desired input power without
influencing the noise figure of the system.

As the optical signal propagates through the
fiber, chromatic dispersion accumulates, causing
signal distortion that requires compensation. Due
to design and fabrication imperfections, the pho-
tonic integrated circuit (PIC) exhibits an insertion
loss of approximately 30 dB, necessitating addi-
tional amplification. To optimize system perfor-
mance, amplification is applied both before and
after the reservoir. Specifically, EDFA 2 amplifies
the input signal up to approximately 15 dBm, while
EDFA 3 boosts the reservoir output to a power
level of about 10 dBm, suitable for detection by

Fig. 2: Experimental set-up The two different setups for the experiments. The upper and lower path respectively show the setup
with and without the photonic reservoir. (CW: Continuous wave, AWG: Arbitrary waveform generator, OOK: On-Off keyeing, Amp:

Amplifier, RTO: real-time-oscilloscope)



Fig. 3: Experimental bit error rates Measured bit error rates for (a) different lengths of the optical fibre for an input power of 10
dBm and (b) different input powers for a fibre length of 25 km. The grey dashed line signifies the resolution limit up to which

predictions can accurately be made for the reservoir, and the GFEC (Generic forward error correction) boundary.

the high-speed photodiode. The electrical current
from the photodiode is recorded by a real-time os-
cilloscope with a sampling rate of 160 GSamples/s.
Captured data is processed using an iterative op-
timization algorithm, which dynamically tunes the
electrical currents controlling the PIC’s weighting
elements, thus establishing a closed-loop optimiza-
tion cycle.

To facilitate an objective performance evalua-
tion against a conventional electrical feed-forward
equalizer (FFE) featuring a tapped delay-line struc-
ture, equivalent signal-to-noise ratios (SNRs) must
be maintained between both test conditions. This
equivalence is achieved by introducing an addi-
tional reference path depicted in Figure 2, in which
the photonic reservoir is substituted with a fixed
30 dB optical attenuator. This setup preserves
identical power levels and removes any influence
introduced by the photonic reservoir processing.
Additionally, post-processing methods applied to
the reservoir output data are exactly replicated for
the reference signal path, guaranteeing a fair and
unbiased performance comparison between both
equalization approaches.

Results
In the experiments, we assessed system perfor-
mance by sweeping two key parameters: the in-
put optical power launched into the fiber, and the
fiber length itself. For a fixed fiber length of 25
km, the input power was varied from 10 to 17
dBm, well within the nonlinear regime. Conversely,
to study the effects of propagation distance, we
tested fiber spans ranging from 25 to 50 km at a
constant launch power of 10 dBm. Extending the
fiber length amplifies the cumulative influence of
linear and nonlinear dispersion, while higher in-
put power predominantly enhances nonlinear Kerr
effects, thereby raising the complexity of the ma-
chine learning equalization task.

Figure 3 summarizes the bit-error rate (BER)
performance under these varied experimental con-
ditions. Specifically, Figure 3(a) illustrates the evo-

lution of the BER as a function of increasing fiber
length, maintaining a constant input power of 10
dBm. In this scenario, chromatic dispersion repre-
sents the primary factor limiting signal integrity. As
fiber length extends further, performance deterio-
rates due to the limited memory capacity of both
equalization approaches. Remarkably, the pho-
tonic reservoir consistently outperforms the feed-
forward equalizer (FFE) by at least two orders of
magnitude, despite the FFE inherently possess-
ing greater memory. This superior performance
arises from the reservoir’s richer, nonlinear trans-
formations of the input signal, as opposed to the
FFE, which relies solely on linear combinations of
delayed replicas of the original signal. Addition-
ally, unlike digital methods, the reservoir operates
prior to photodetection, circumventing frequency-
dependent power fading issues typically encoun-
tered by post-detection digital equalizers.

Figure 3(b) presents BER performance as input
power increases, keeping the fiber length fixed at
25 km. In this operating regime, system limitations
arise primarily from nonlinear dispersion and its
interplay with linear chromatic dispersion effects.
Once again, even when matched for the number
of adjustable parameters, the photonic reservoir
demonstrates a significant improvement in BER
performance compared to the FFE, exceeding it
by at least two orders of magnitude.

Conclusion
In this work, we experimentally demonstrate a pho-
tonic reservoir computing chip capable of equal-
izing a 28 Gbps on-off keying (OOK) signal well
below the generic forward error correction (GFEC)
threshold of 5.8 × 10−5 for fibre lengths up to 50
km and input powers up to 17 dBm. Furthermore,
we establish the superiority of this approach over
a conventional digital feed-forward equalisation
(FFE) method, which performs at least two or-
ders of magnitude worse, and it particularly fails in
reaching the same GFEC limit.
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