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In this paper, we propose an original adaptive neural network equalizer (NNE) algorithm named SkipNet, which
is suitable for rapid training on a packet-by-packet basis for burst-mode non-linear equalization in upstream
PON transmission. SkipNet uses the simple LMS algorithm and avoids complex neural network training algo-
rithms such as backpropagation and mini-batch training. We demonstrate SkipNet on captured continuous mode
100 Gbit/s PAM4 signals using an SOA preamplifier to achieve the challenging 29 dB PON optical loss budget.
The adaptive SkipNet equalizer is shown to overcome combinations of severe SOA patterning effects and fiber
dispersion impairments to achieve >29 dB dynamic range back-to-back and >22.9 dB dynamic range for up to
81.6 ps/nm accumulated dispersion. It can adapt in as little as 250 training symbols to each impairment scenario,
which is equivalent to existing FFE/DFE solutions, while matching the non-linear performance of previously
proposed static NNE solutions. To the best of our knowledge, SkipNet is the first ever adaptive NNE framework
that can realistically be trained and adapted on a packet-by-packet basis and within strict PON packet preamble
lengths.
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1. INTRODUCTION

Neural network equalizers (NNEs) have attracted widespread
interest within the optical communications community
due to their ability to overcome non-linear signal impair-
ments [1]. In particular, NNEs have been proposed for future
100 Gbit/s/λ passive optical networks (PONs) employing
advanced modulation formats that are susceptible to device
and fiber non-linearities [2]. Indeed, recent work has shown
NNEs have improved performance over conventional equal-
izers when mitigating fiber impairments and supporting
low-bandwidth directly modulated transceivers in four-level
pulse amplitude modulation (PAM4) systems [3–5], a pre-
ferred solution for achieving 100G PON. NNEs have also
demonstrated remarkable abilities to overcome semiconductor
optical amplifier (SOA) non-linearities in the context of SOA
preamplification at the optical line terminal (OLT) [6–9] and
help exceed the challenging 19.5 dB PON dynamic range
(DR) requirement. However, while challenges related to NNE
complexity and hardware implementation have received atten-
tion [10], questions remain concerning NNE training in the
PON setting.

The most appropriate deployment of an NNE in PON is
at the OLT, where its benefits and costs can be shared among

all optical network units (ONUs) and where it can best influ-
ence overall network design. However, burst-mode signaling
at the OLT receiver poses a unique challenge for any NNE
scheme as the channel characteristics change rapidly between
packets. Although the types of linear and non-linear impair-
ments in PON are limited and well-understood, there are
many possible permutations of these among the 64 (or poten-
tially 128) ONUs subscribed to a single network. The fiber
dispersion accumulated by a received packet can vary and be
up to 77 ps/nm depending on the distance to the OLT, while
individual ONUs can have distinct bandwidth and chirp
induced impairments due to transceiver vendor variability
[11]. Further, if an SOA preamplifier is used at the OLT, non-
linear gain saturation induced patterning effects will distort
high-power “loud” bursts, while “soft” bursts are unaffected.
Considering that channel variability and degradation due to
environmental factors cannot be disregarded either, it is clear
that any NNE to be deployed at the OLT must be robust and
flexible to a wide range of channel impairments.

Adaptive equalization is a possible solution to ensure such
equalizer flexibility at the OLT and has been investigated for
conventional DSP in both IM/DD [12] and coherent [13]
PON systems. Here, the equalizer parameters are adapted on
a packet-by-packet basis using training symbols embedded
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Fig. 1. The burst-packet structure of upstream PON transmission
according to the latest 50 Gibt/s HS-PON standards is shown. Only a
150 ns preamble is allocated for 25 Gbit/s upstream transmission, and
610 ns in a worst-case scenario [14].

in each packet’s preamble. But, as shown in Fig. 1, the latest
ITU-T 50 Gbit/s Higher Speed PON standards outline only
a 150 ns packet preamble time for OLT reconfiguration [14],
which must accommodate burst-mode Rx (BMRx) settling
time and clock and data recovery (CDR) alongside any equal-
izer adaption. Because of this, adaptive equalizers typically
use variants of the simple least mean squares algorithm, which
can be implemented at high frequencies using hundreds of
training symbols. In comparison, NNEs appear incompatible
with such rapid adaption since their training algorithms are
considerably slower and more complex and involve iterating
multiple times (epochs) over large datasets consisting of tens
of thousands of samples. Therefore, while impressive results
have been reported for OLT-side NNE, such as in [2,3,7,9,10],
these rely on retraining and testing static NNEs “offline” for
each considered packet scenario and receiver power, which
would be impossible to implement in burst-mode.

Fixed or so-called “unified” equalization [15], which avoids
adaptive training between packets, also faces challenges. In
theory, a sufficiently large NNE could be trained offline to
equalize multiple ONU scenarios, allowing it to be deployed
in a “fixed” state, such as in [16]. The authors of [17] propose
such a “universal” NNE for 50 Gbit/s PAM4 PON, which
is pre-trained to compensate for fiber dispersion for varying
ONU wavelengths and transmission distances. However, they
observe that such a universal NNE’s performance degrades
when applied to packet conditions it was not exposed to during
training. Therefore, costly data collection overheads are a fea-
ture of fixed NNE solutions, since training datasets should be
exhaustive representations of possible ONU packet conditions,
which can differ between network deployments. Further, fixed
NNEs require larger neural network structures to effectively
equalize multiple ONU scenarios [17] and so consume more
hardware resources and power [18]. Consequently, the cost of
fixed NNE methods may be prohibitive given the numerous
possible ONU impairment permutations.

In this paper we introduce SkipNet: a novel adaptive NNE
framework that enables the application of NNEs in PON
and that we first proposed in [19]. SkipNet is named for its

characteristic skip connection structures, which allows it to
incorporate fixed, low-complexity NNE kernels targeting
specific non-linear impairments without compromising on
equalization performance elsewhere. These NNE kernels
are pre-trained and deployed in a fixed state while an online
adaptable output layer processes the combined kernel outputs
and raw sample inputs from the skip connections, resulting
in a rapidly re-configurable and flexible equalization solution
that intrinsically promotes transfer learning [20]. This hybrid
approach combines the best of the adaptive and fixed/universal
methods: being adaptable on a packet-by-packet basis without
using conventional NNE training methods and having low
complexity by avoiding the model bloat associated with fixed
NNE solutions. Here we outline the theory underpinning
SkipNet and investigate its performance in a 100 Gbit/s/λ
PAM4 PON scenario in continuous mode, with an SOA acting
as an OLT preamplifier in order to satisfy the PON 29 dB opti-
cal power budget, as in [21]. Packet impairments investigated
include permutations of non-linear SOA gain saturation pat-
terning effects and accumulated fiber dispersion impairments
of up to 85 ps/nm. The performance results of the scheme
are reported in terms of the achievable PON DR and bench-
marked against an “ideal” NNE trained using conventional
methods that have been shown to extend the SOA DR [22],
as well as adaptive feed forward (FFE) and decision feedback
equalization (DFE). An analysis of SkipNet’s convergence
properties is also carried out.

Section 2 details the challenges facing NNE at the OLT,
while Section 3 develops the SkipNet framework and its
relation to existing NNE training and adaptive equalization
schemes. Section 4 details the 100G PON experimental setup
used to evaluate SkipNet’s performance, and Section 5 reports
the achieved results.

2. BURST-MODE EQUALIZATION AT THE OLT

Burst-mode signaling in high-speed PON presents a unique
challenge for adaptive equalization due to the extremely short
packet preamble available for equalizer reconfiguration. The
packet preamble length for 50 Gbit/s upstream transmission
outlined in the ITU-T’s Higher Speed (HS-) PON recom-
mendations is still under study, while the 25 Gbit/s objective
preamble is only 150 ns [14], which corresponds to 7500
symbols for 100 Gbit/s PAM4. But as previously mentioned,
this preamble must be shared among several OLT reconfig-
uration functions, as shown in Fig. 1. Also, the frequency at
which equalizer parameter updates can be processed is unlikely
to match the raw line-rate due to DSP hardware limitations.
This implies that only a fraction of assigned preamble training
symbols will be used during equalizer adaption (e.g., 1/2, 1/4,
. . .), and so the actual training symbols available for adaption
could be significantly less than that suggested by a 150 ns
preamble. Therefore, a key metric when designing adaptive
equalization for PON is the training convergence rate, i.e., how
many symbols it takes for the equalizer to converge. This must
be balanced against the training algorithm’s complexity, which
is intimately linked to power consumption and clock cycles per
parameter update. For example, an algorithm that halves the
required training symbols but whose hardware implementation
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overly increases power consumption or requires more clock
cycles per update may not be advantageous.

The restrictive preamble time available for training has
meant that existing PON adaptive equalization research has
focused on low-cost, low-complexity FFE/DFE techniques
[23]. The standard LMS training algorithm can require thou-
sands of training symbols to converge, which can be considered
too slow for use in PON. An alternative is the recursive least
squares (RLS) algorithm, which has shown FFE/DFE con-
vergence in as little as 64 symbols for 10 Gbit/s signaling
[24]. However, RLS is considered overly complex for low-cost
implementation, and a preferred solution is gear shifted LMS
(GS-LMS) where the LMS learning rate is reduced one or more
times during training to fine-tune convergence. The authors
of [25] achieve FFE/DFE convergence within 250 bits using
GS-LMS at 10 Gbit/s, while in [12] an Rx sensitivity penalty
of just 2 dB was demonstrated at 50 Gbit/s using 200 training
symbols. For comparison, studies have estimated preamble
requirements of just 72 ns for burst-mode 100G coherent
signal detection and its associated DSP [26], while in [27] the
authors estimate up to 416 training symbols to adapt coherent
signal recovery algorithms for digital subcarrier modulation.

In contrast, adaptive NNE could offer a considerable
increase in non-linear performance and capabilities over
FFE/DFE solutions for high-speed PAM4 signaling, but
unfortunately neural network training is substantially more
complex. Proposed NNE solutions require datasets that are
considerably larger than PON packet preamble lengths: usu-
ally consisting of tens if not hundreds of thousands of signal
samples. During training, these large datasets are divided into
“mini-batches” that are processed separately using stochastic
optimization algorithms such as Adam [28] or RMSProp [29].
While the LMS algorithm can update an equalizer’s parameters
for each training symbol, an entire mini-batch must be pro-
cessed for a single iteration of NNE parameter updates, with
the caveat of small mini-batch sizes leading to poor training
performance. Additionally, the backpropagation algorithm is
required to update an NNE’s hidden layer parameters [30],
but this involves large numbers of multiplications, as discussed
in [31], as well as being extremely memory intensive due to
the caching of layer activations and multi-dimensional error
gradients. For recurrent neural networks (RNNs), these issues
are exacerbated by the backpropagation-through-time algo-
rithm, which further propagates error signals along equalizer
feedback connections [32]. Worse still, potentially hundreds of
training iterations known as “epochs” are required to achieve
NNE convergence. Therefore, even disregarding PON’s strin-
gent cost imperative, it is unlikely that conventional NNE
training algorithms could be implemented on current available
hardware at sufficient speed for 100G PAM4 PON.

Techniques to achieve adaptive NNE for short-reach and
long-haul transmission have been proposed but are similarly
unsuitable for PON. In [31] the authors propose “AdaNN,”
which is an adaptable NNE based on an online semi-supervised
training method; however it requires 105 symbols to converge.
Meanwhile in [33] it is demonstrated how adaptive digital
signal processing can be incorporated into a non-linear NNE,
but the method still relies on the complex backpropagation
algorithm.

3. SKIPNET: AN ADAPTIVE NNE FRAMEWORK

A. Existing Adaptive FFE/DFE Solutions

The FFE/DFE is the most popular equalization solution
proposed for overcoming bandwidth limitations and fiber
dispersion in PON systems up to 50 Gbit/s due to its low
complexity and easy adaption using the LMS algorithm. For
the sake of clarity the focus here is limited to the adaptive
operation of an FFE that is equivalent to that of an FFE/DFE.
An FFE can be expressed as

ŷ t =w · xt , (1)

where xt and ŷ t represent the sampled signal input values
and the equalized sample output of the FFE at time t . The
FFE tap weights w can be adapted packet-by-packet using the
LMS algorithm, which calculates an error signal E (e.g., mean
squared error) for each equalized training symbol and adapts
the FFE tap weights using the gradient descent method:

wn+1 :=wn − γ ·
dE
dw
, (2)

where n is an index term used to denote successive FFE
parameter values. The adaptive convergence rate can be tuned
using the learning rate γ ; however there is a trade-off to be
made between convergence speed and performance/stability.
Alternative algorithms such as GS-LMS try to overcome this
by changing γ during equalizer adaption: a high γ is used to
quickly converge toward the optimal weights, and after a set
number of symbols γ is lowered one or more times to guaran-
tee the best possible convergence. This has limited complexity
overhead compared to LMS, but can lead to a significant
increase in convergence speed [25].

B. Neural Network Training Barrier

The computational complexity of neural network training
algorithms is a serious barrier to adaptive NNE deployment
in a burst-mode PON setting. Although conventional NNE
training schemes also rely on gradient descent, they require the
backpropagation algorithm to propagate error through their
multi-layer structure and obtain the error gradients for each
NNE parameter [30], which greatly increases the computa-
tional and memory resources per parameter update compared
to the LMS algorithm.

To illustrate this, consider a fully connected NNE (FC-
NNE) composed of L layers of neurons, each of which is
governed by the equations

z=w · x + b,

a = ϕ(z), (3)

where a is the activation output of the neuron, z is the
weighted sum of the inputs, w and b are the trainable weight
vector and bias parameters, and ϕ is a non-linear activation
function such as the tanh or ReLU functions. In order to
update a neuron’s weights in the l th hidden layer of the FC-
NNE, an error signal E generated from the forward pass of
a training symbol must be backpropagated from the NNE’s
output layer, where the error signal is calculated, backwards
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through each intervening layer of the network using the chain
rule of multi-variable calculus:

∂E
∂wl
=
∂E
∂a L
·
∂a L

∂zL
·
∂zL

∂a L−1
· · · · ·

∂zl+1

∂a l
·
∂a l

∂zl
·
∂zl

∂wl
, (4)

where the output layer activation is labelled a L . While back-
propagation can be seen as an efficient implementation of
Eq. (4), in practice this still involves at least one matrix multi-
plication per network layer per training symbol, which costs
resources and latency to calculate. Further, the backpropaga-
tion calculations require the layer activations from the forward
pass of the training symbol, meaning significant memory
resources must also be employed. Reference [31] contains a
more detailed discussion of backpropagation complexity.

However, simple stochastic gradient descent with back-
propagation is not generally sufficient for optimizing neural
networks. Instead, conventional neural network training relies
on mini-batch training in conjunction with advanced param-
eter update algorithms such as Adam. The Adam algorithm
calculates individual learning rates for every parameter in an
NNE (potentially hundreds or thousands of parameters) using
estimates of the first and second order statistical moments of
calculated parameter gradients. Mini-batch training is required
to do this: averaged error gradients are calculated for each NNE
parameter using the forward and backward pass calculations

of a subset (mini-batch) of the training data, typically of size
32, 64, 128, etc. Therefore, if a mini-batch size of N is used,
each parameter update will require N forward and backward
passes of equalizer training inputs involving the backpropaga-
tion algorithm to achieve gradient averaging, followed by the
complex parameter update equations of Adam. Implementing
these methods in high-speed PON is untenable, since equalizer
adaption must be fast and hardware efficient.

C. SkipNet: Adaptive Neural Network Equalization

SkipNet is a hybrid adaptive NNE solution involving both
fixed and adaptive components. It crucially removes the need
for mini-batches and the backpropagation and Adam algo-
rithms during online equalizer adaption and relies only on
LMS once deployed. This makes its adaption complexity
equivalent to that of previously studied FFE/DFE solutions.

Figure 2(a) outlines the methodology involved in creat-
ing non-linear kernels for use in an adaptive NNE using the
SkipNet framework. In this case, SOA patterning is iden-
tified as the target non-linearity, and an NNE with a linear
output layer is trained offline on the desired worst-case pat-
terning scenario using conventional “ideal” methods, i.e., the
backpropagation algorithm in conjunction with Adam opti-
mization and mini-batch training. The hidden layers of this

Fig. 2. (a) Outlines the design methodology behind creating an adaptive SkipNet equalizer and how kernels are derived from the hidden layers
of an ideally trained NNE before being integrated into the SkipNet framework, as shown in (b). Flexible and rapid adaptive NNE is then possible
using a linear output neuron and the adaptive circuit shown in (c), which is equivalent to how a conventional adaptive FFE/DFE operates.
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ideally trained NNE are responsible for its non-linear equali-
zation capabilities and so are extracted by removing and
discarding the linear output layer. The parameters of these hid-
den layers are then “frozen,” i.e., kept fixed thereafter and not
adapted, after which they are referred to as a non-linear kernel.
This non-linear kernel is denoted here as K (·) and takes as
input raw signal samples just as the ideally trained NNE did
before:

a L−1
t = K (xt), (5)

where the kernel output, a L−1
t , is the non-linear output activa-

tions of the final extracted hidden layer when acting on input
signal samples xt at time t . Note that the proposed adaptive
scheme is agnostic to the kernel hidden layer structures, and
so K (·) can represent fully connected, convolutional, and
recurrent layers, or even combinations of these.

Once the kernel NNE has been trained, it can be integrated
into the SkipNet framework. This involves combining the
kernel NNE with an adaptive output layer that is chosen to be
a single fully connected neuron as described by Eq. (3), with
linear activation function ϕ(x )= x . Skip connections are also
added at this point, which feed the raw equalizer input samples
to the adaptive output layer by bypassing the NNE kernel, as
seen in Fig. 2(b). Therefore, the adaptive output layer takes
as input K (xt), the pre-trained kernel’s output activations, as
well as the raw input samples xt via skip connections, as shown
in Fig. 2(b). SkipNet’s output layer can then be described by

ŷ t =wskip · xt +wk · K (xt)+ b, (6)

where ŷ t are equalized samples, and wskip and wk are the adap-
tive parameters for the raw signal samples xt and non-linear
kernel output K (xt), respectively. Figure 2(c) illustrates the
operation of Eq. (6) and how this output layer can now be
adaptively trained using the LMS optimization method and
preamble symbols.

The skip connections are vital for realizing equalization
performance across a wide range of packet conditions: non-
linearly impaired or otherwise. The non-linear NNE kernel
K is trained to carry out non-linear processing for a specific
impairment, and if it is applied to a different type of impair-
ment, or even a clean signal, it will non-linearly scramble the
signal rather than equalize it. In such a scenario, skip connec-
tions allow clean signals to skip straight to the adaptive output
layer, thus bypassing K (·) and remaining unimpaired by the
NNE operation. Further, skip connections can effectively act
like an FFE, capable of dealing with bandwidth limitations,
and even help mitigate fiber dispersion. These benefits involve
only a linear increase in the number of adaptive output layer
multiplication operations, equal to the number of skip con-
nections, and therefore represent a small increase in overall
SkipNet complexity. Skip connections are inspired by residual
networks [34] and have previously been proposed as “cas-
cade” connections to boost RNN equalizer performance for
short-reach PAM4 transmission, and they lower the number
of epochs required during NNE training [35]. The SkipNet
structure shown in Fig. 2(b) is also similar to that proposed in
[36]. Crucially however, neither of these works exploits skip

connections and the kernel approach to achieve adaptive NNE
training using the LMS algorithm over a single training epoch.

The SkipNet output layer described by Eq. (6) and adaptive
FFE/DFE have equivalent complexity, since both use LMS
and stochastic gradient descent to achieve fast adaption, as
described in Eq. (2). Additionally, more sophisticated variants
of LMS such as GS-LMS can just as easily be employed, as well
as other methods developed to achieve faster LMS convergence
such as in [23,37].

D. Multiple Kernels for Flexible Non-linear
Equalization

However, in future PON there could exist multiple non-
linear impairments that may be present in isolation or in
combination for any given packet. For example, in this paper
we consider gain saturation induced SOA patterning, which
will only affect loud packets, as well as scenarios where a packet
suffers combined SOA patterning and extreme dispersion
effects. In this paper, separate NNE kernels are trained for
an isolated non-linear SOA patterning effect, K1, and for
the combined patterning/dispersion scenario, K2. These are
incorporated into the adaptable output layer as

ŷ t =wskip · xt +wK1 · K1(xt)+wK2 · K2(xt)+ b, (7)

where now there are two sets of adaptable parameters for the
two non-linear kernels: wK1 and wK2 . Significantly however,
Eq. (7) is not fundamentally changed from Eq. (6), and so the
adaption mechanism remains unchanged and the flexibility of
the proposed adaptive NNE is clear. The modular nature of
the kernel NNEs avoids the exponential growth in parameters
(model bloat) experienced by large standalone or fixed NNE
algorithms designed for multi-impairment equalization, since
these kernels target specific, isolated impairments that require
only low-complexity NNE blocks. Each kernel is trained only
once, and is deployed in a fixed state, thereby removing NNE
training overheads. Additionally, transfer learning is intrinsic to
Eqs. (6) and (7), since the adaptive output layer allows kernels
to contribute to the equalization of channel impairments for
which they may not have been specifically trained.

4. EXPERIMENTAL SETUP

The 100 Gbit/s PAM4 experimental setup shown in Fig. 3(a)
is used to evaluate the proposed SkipNet adaptive equaliza-
tion scheme in continuous mode. This setup can produce a
wide range of possible packet impairments, including SOA
gain saturation induced pattering effects, fiber dispersion,
bandwidth limitations, as well as combinations of these, as
shown in Fig. 3(c). An ideal high-power Tx is emulated using a
Mach–Zehnder modulator in conjunction with a high-power
EDFA booster amplifier. This is driven by a differential output
DAC operating at 100 GSa/s to generate a 50 Gbd PAM4
signal with 6 dB extinction ratio. The limited bandwidth of the
Tx opto-electronics is linearly compensated for up to 40 GHz
prior to transmission.
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Fig. 3. (a) Shows the experimental setup, which incorporates an
SOA pre-amplifier whose gain characteristics are shown in (b). This
setup allows for a diverse range of packet impairment permutations
to be investigated, as evidenced by the eye diagrams in (c). BPF,
bandpass filter; DAC, digital-to-analog converter.

A variable optical attenuator (VOA) mimics the PON opti-
cal distribution network losses to create loud and soft packets
in continuous mode, and the input power to the SOA+ PIN
Rx is swept from −26 dBm to +6 dBm. HS-PON specifies
a tolerance for up to 77 ps/nm dispersion at 1342± 2 nm,
corresponding to 20 km transmission in the O-band [14].
Due to a lack of available O-band devices, this experiment is
carried out at 1550 nm, and dispersion impairments up to 68
and 81.6 ps/nm were realized by changing the fiber transmis-
sion distances to 4 and 4.8 km, respectively. These were the
closest achievable dispersion values to the HS-PON 77 ps/nm
value while using standard single mode fiber with a dispersion
parameter of 17 ps/(nm · km). Therefore similar dispersion
impairments could be investigated, although the dispersion
slope will differ between the two transmission windows.
Similarly, SOA operating principles are not fundamentally
changed between the C- and O-bands.

The OLT comprises an SOA preamplifier kept at constant
bias followed by an ideal Rx comprising an EDFA and 50 GHz
PIN, with a 25 GHz fourth order Bessel filter digitally applied
to emulate 25G class optics. The signals are captured using
a 200 GSa/s real time scope and the measured Rx sensitiv-
ity is found to be −21.1 dBm. The SOA preamplifier gain
characteristics for constant 100 mA bias current are shown
in Fig. 3(b) and the SOA saturation input power is −8 dBm,
above which SOA gain-saturation induced patterning effects
are clearly evident, as shown in Fig. 3(c), eye diagrams 2 and 3.
This poses a clear challenge to meeting the 19.5 dB dynamic
range requirement outlined in the 50G HS-PON standards
[22], before even the effects of fiber dispersion induced sensi-
tivity penalties have been considered. The severe effect of fiber
dispersion can be seen in Fig. 3(c) eye diagram 4, while eye
diagram 9 shows the combined effect of 68 ps/nm dispersion
and the SOA patterning effect induced by an input power of
+2 dBm.

5. RESULTS

In this paper, the system DR and receiver sensitivity are calcu-
lated with respect to the SOA preamplifier input power and the
hard decision forward error correction (HD-FEC) threshold
of 3.8× 10−3 bit error ratio (BER). Each reported BER value
is estimated using the counting method applied to ∼520,000
captured symbols.

Recurrent NNEs based on gated recurrent units (GRUs)
[38] and that are similar to those investigated in [9] form
the base NNE structures from which all reported “ideal,”
“fixed,” and SkipNet kernel NNEs are derived. This common
NNE structure is composed of a single hidden layer of four
GRU units fed by seven symbol-spaced (−T) input taps as
shown in Fig. 2. The output layer of all the NNEs consists of
a single neuron with linear activation function, equivalent to
Eq. (3) for the “fixed” and “ideal” NNEs ϕ(x )= x , while the
operations of the adaptive SkipNet equalizers are equivalent
to Eqs. (6) and (7). To avoid overfitting, all training datasets
consist of randomly generated symbol sequences [39], while
test datasets comprise repeated pseudo-random quaternary
sequences (PRQS15).

A. BtB and Transmission Performance of SkipNet
Adaptive Equalization Using Skip Connections

Figure 4(a) shows the 100G PAM4 system back-to-back (BtB)
performance. For low SOA input powers noise degradation is
evident, while the effects of the SOA gain saturation induced
patterning are observed for powers greater than −12 dBm.
Without signal equalization the Rx sensitivity is −21.1 dBm
with only 12.7 dB DR under the HD-FEC threshold. For
comparison, a 7-T FFE/DFE equalizer with two decision
feedback taps (2-FB) is trained using the LMS algorithm and
15,000 symbols and achieves −22.6 dBm sensitivity and
∼16.0 dB DR. Both of these results are below the minimum
19.5 dB DR recommended by the HS-PON standards.

The performance of the proposed SkipNet scheme is bench-
marked against that of an ideally trained NNE with similar
structure, as described above. For each data point, the ideal
NNE is trained using conventional neural network methods
and a training dataset of ∼16,000 random training symbols
grouped into mini-batches of size 512. This dataset is iterated
over between 50 and 400 times (epochs) using the early-
stopping method, which monitors performance on a separate
validation set (PRQS13). This ideal scheme achieves the best
receiver sensitivity reported here, of −23.1 dBm, with a total
DR above 29.1 dB. This agrees with results in [9,22], which
report that GRU-based equalizers can completely overcome
the non-linear SOA patterning effect for 100 Gbit/s PAM4.
Assuming a launch power of +8 dBm, this would imply a
system optical loss budget of 31.1 dB, which exceeds the 29 dB
requirement set out in HS-PON. For completeness, a version
of the ideal NNE with skip connections is also evaluated.
However as shown in Fig. 4(a), the ideal NNE results overlap
with and without skip connections, meaning that there are
no performance gains from including skip connections in an
ideally trained NNE. However, when used in conjunction with
an adaptive output layer, as in the SkipNet framework, skip
connections are vital for adaptive equalization, as described



1088 Vol. 16, No. 11 / November 2024 / Journal of Optical Communications and Networking Research Article

Fig. 4. (a) Shows the BtB performance of the SkipNet(K 1) equalizer with and without skip connections, versus ideally trained and fixed (non-
adaptive) NNEs. In (b), the transmission performance of single (K 1) and double (K 1 + K 2) kernel SkipNet equalizers underlines the flexibility of
the scheme to accommodate additional low-complexity kernels for greater non-linear capability. The heatmaps in (c) and (d) show how K 1’s and
K 2’s training conditions were chosen, by plotting kernel training power versus the BER performance of the resulting SkipNet equalizers.

below. Similarly, adding skip connections did not improve on
the ideal NNE performance reported in Fig. 4(b).

A SkipNet equalizer based on the kernel K1 and integrated
skip connections is also reported in Fig. 4(a). The kernel K1 is
pre-trained offline using ideal NNE training methods to over-
come the severe SOA patterning effect at only +4 dBm SOA
input power with zero dispersion, after which its parameters
are fixed (i.e., not adapted). This adaptive scheme matches
the performance of the “ideally” trained NNE, achieving
−22.7 dBm sensitivity and 28.7 dB DR using only the LMS
training algorithm with 15,000 training symbols to adapt its
linear output layer for each distinct SOA input power. If the
skip connections are removed, the adaptive SkipNet equalizer
fails completely to equalize signals with input power below
−6 dBm, which includes unimpaired signals that previously
required no equalization. This underlines the vital impor-
tance of the skip connections for enabling true adaptive NNE,
and this result can be understood by the argument made in
Section 3.C: that the linear output layer cannot undo the
non-linear processing of the kernel K1 for unimpaired, “clean”
signals. Similarly, naively applying a “fixed” NNE based on
K1 without adapting the output layer also fails, both with and
without skip connections. These results agree with the similar
analysis carried out in [19] where we first proposed using skip
connections.

Figure 4(b) shows that, for dispersion up to 68 ps/nm the
SkipNet(K1) equalizer achieves close to the ideal NNE per-
formance and achieves 25.8 dB DR, well above the HS-PON
target despite the kernel K1 not being exposed to dispersion
effects during offline pre-training. However, the SkipNet(K1)
equalizer struggles to achieve below the HD-FEC limit for
the combination of SOA patterning and 81.6 ps/nm accu-
mulated dispersion. To overcome this, a second kernel K2

can be incorporated, which is ideally pre-trained on com-
bined SOA patterning and extreme fiber dispersion (+4 dBm,
81.6 ps/nm). For 81.6 ps/nm, this SkipNet(K1 + K2) model
achieves an impressive 22.9 dB dynamic range using only linear
adaption, underlining the modular flexibility of the proposed
scheme. This is in contrast to the single kernel SkipNet(K1)
equalizer that achieves just 16.7 dB DR in the same scenario. It
should be noted, however, that 81.6 ps/nm dispersion at 100G
is a significantly greater impairment than the 77 ps/nm at 50G
outlined in the HS-PON recommendations [14]. Therefore,
while the 19.5 dB DR target is met, the associated sensitivity
penalty may be impractical in a real network setting.

Table 1 compares the per-packet training complexity of
the ideal NNE with that of the SkipNet equalizers in terms
of trainable parameters and required optimization algorithm.
Since K1 and K2 each comprise a single hidden layer of four
GRU units, the number of fixed parameters N for each kernel
can be calculated using the equation [9]
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Table 1. Packet-by-Packet Training Complexities

Parameters

Equalizer Fixed Trainable Optimizer

Ideal NNE 0 149 Adam
a

SkipNet(K 1) 144 12 LMS
SkipNet(K 1 + K 2) 288 17 LMS

aAdam + backpropagation-through-time + mini-batches + early stopping.

N = 3 · nGRU · (nin + nGRU + 1) , (8)

where nGRU is the number of GRU units in the kernel hidden
layer, and nin is the number of kernel input samples, which
is equal to 7-T. The number of parameters in the SkipNet
output layer is determined from Eqs. (6) and (7) and equals the
number of kernel outputs plus the number of skip connections
and a bias term. Clearly the proposed SkipNet framework
allows for reduced training complexity, with the SkipNet(K1)
equalizer having over 10× less trainable parameters compared
with the ideally trained NNE, while using the simple LMS
algorithm. The SkipNet(K1 + K2) has additional fixed param-
eters due to integrating a second kernel, but still has only 17
trainable parameters.

B. Low-Complexity, Targeted Non-linear Equalization

The heatmaps in Figs. 4(c) and 4(d) show how the once-off
kernel pre-training conditions for K1 and K2 were chosen.
For each SOA input power between −14 and +6 dBm a
SkipNet equalizer was created by pre-training kernel NNEs
offline and evaluating the equalizer’s adaptive performance
over the same input power range. Interestingly, if kernel K1

is pre-trained at any one SOA input power above −6 dBm,
i.e., in the non-linear operating regime of the SOA, then the
resulting SkipNet(K1) equalizer can achieve below the FEC
threshold for all non-linear SOA input powers considered.
The final K1 training power was chosen to be +4 dBm due
to its good performance across the whole sweep. Similarly, an
optimal training point for the K2 kernel in the SkipNet(K2)
was found to be +4 dBm. However, in order to be effective
against combined SOA patterning and fiber dispersion, the
minimum input training power for K2 was observed to be
−5 dBm. Both kernels were then integrated into a single adap-
tive equalizer SkipNet(K1 + K2) that is effective in both of the
kernel training scenarios. These results show that model bloat
can be avoided by pre-training small, low-complexity NNE
kernels once on specific non-linearities, which can then be
integrated with skip connections to adaptively equalize a wide
range of packet impairments.

Figure 5 reveals how the SkipNet framework targets linear
versus non-linear impairments using the kernels and skip con-
nections. It does this by plotting the root mean squared (RMS)
value of the converged weights wK1 , wK2 , and wskip of the
SkipNet(K1 + K2) output layer for different SOA input pow-
ers and dispersion values. In the case of 0 ps/nm dispersion,
Fig. 5(a) shows that the skip connections dominate the equali-
zation process up to −8 dBm, above which the non-linear
kernel K1 that is pre-trained on SOA patterning (at +4 dBm)
becomes the majority contributor to the SkipNet output.
This aligns well with theory, as above −8 dBm input power,

Fig. 5. The RMS values of the converged weight parameters in
the SkipNet(K 1 + K 2) output layer indicate kernel and skip con-
nection relevance for (a) back-to-back (0 ps/nm), (b) 68 ps/nm,
and (c) 81.6 ps/nm transmission scenarios. The LMS algorithm can
clearly select between kernels and skip connections to target different
packet impairments.

the SOA is known to be operating in its non-linear regime,
as shown in Fig. 3(b). For the transmission cases of 68 and
81.6 ps/nm dispersion, Figs. 5(b) and 5(c) show K2’s growing
contribution towards the final equalization outcome, and it
is especially dominant for the scenario of a highly dispersed
packet having undergone non-linear SOA patterning. Notice
however that both kernels contribute to the equalization of
non-linear channel conditions for which they were not trained,
which shows that the SkipNet framework has the potential to
exploit transfer learning for certain impairments.

The RMS values, or energies, of both kernels’ converged
weights are significantly higher in the SOA patterning regions
than the corresponding RMS values for the skip connection
weights in the unimpaired and pure dispersion signal regions
(below−8 dBm). A possible reason for this is that here the sig-
nal distributions of the kernel outputs are diminished relative
to those of the skip connections, and therefore the LMS algo-
rithm converges to higher energy weight parameters in these
regions to compensate. Such differences could have impor-
tant implications for the convergence properties of SkipNet
equalizers, since the choice of learning rate for LMS-type opti-
mization algorithms is strongly dependent on the target signal
distribution. Evidence of this can be seen in Fig. 6.
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Fig. 6. This graph shows the minimum number of training
symbols required by SkipNet(K 1 + K 2) to achieve BER under the
HD-FEC threshold with probability >95% across a range of SOA
input powers. Rapid adaption can be achieved using the GS-LMS
algorithm, comparable to that of existing FFE/DFE techniques [25].

Moreover, a major contributing factor to the observed dis-
crepancies in signal distributions between the skip connections
and kernel outputs is the kernel’s output activation function.
In this work, the kernel outputs are constrained to ±1 by the
tanh activation function characteristic of the GRU units, while
the distribution of values from the skip connections are not
limited in such a way by the data preprocessing used. Future
work could jointly consider the effects of varying packet power,
analog-to-digital converter dynamic range, and fixed point
sample representation on skip connection distributions and
explore alternative kernel activation functions to potentially
further optimize LMS convergence.

C. Analysis of Preamble Training Requirements

The results in Fig. 6 show that the proposed adaptive SkipNet
scheme can achieve below the HD-FEC using as little as 200
training symbols, which matches the performance of reported
FFE/DFE adaptive equalization and coherent PON signal
recovery preambles discussed in Section 2.

Figure 6 shows the minimum number of symbols required
by the SkipNet(K1 + K2) equalizer to achieve below the HD-
FEC threshold with probability >95% (assuming a normal
distribution), for both the LMS and GS-LMS training algo-
rithms. The statistics used in this graph were compiled from 40
independent trainings of the SkipNet(K1 + K2) model on the
8 distinct “packets” available from experiments (5 trainings per
packet) for each SOA input power and accumulated dispersion
considered. For each training, the output layer weights of the
SkipNet model were initialized to zero, and random shuffling
of the training input ensured each repeated training operation
was unique. After training, the equalizer was applied to the
associated packet payload comprised of ∼65,000 PRQS sym-
bols, and the mean numbers of errors accumulated for each
input power, dispersion value, and number of training symbols
were recorded. This was repeated for various equalizer training
lengths between 50 and 1000 symbols, and the results used to
estimate how reliably the equalizer achieved below the HD-
FEC BER threshold. The learning rate for the LMS algorithm
was chosen to be 0.01, while two learning rates [0.05, 0.01]

were used for the GS-LMS, with the higher learning rate being
applied for the first half of the training symbols, before the
switch to the lower rate being made.

The higher training requirements (>200 symbols) for
packets undergoing severe SOA patterning and dispersion
correspond to where the kernels K1 and K2 have the greatest
contribution according to Fig. 5. As discussed in the previous
section, these longer training lengths may be required to boost
the wK1 and wK2 to compensate for diminished kernel output
distributions relative to the skip connections. Interestingly
however, less symbols are required in the transmission case
at high SOA input powers, with 240 less symbols needed to
achieve under the FEC threshold at +6 dBm input power and
68 ps/nm dispersion, than the BtB packet at the same power
using LMS. This suggests a notable difference in adaptive
NNE training between these two impairments, which could
possibly be understood with a thorough investigation of the
signal distributions involved.

The GS-LMS algorithm greatly reduces the training sym-
bols required in such scenarios where the kernels are guiding
the equalization, with only a small associated increase in train-
ing complexity. For BtB signals suffering high levels of SOA
patterning, the GS-LMS algorithm requires on average only
33% of the training length used by simple LMS for powers
above 0 dBm, while at +6 dBm it uses 580 less symbols. A
similar trend is observed in the transmission case, where a
25 dB DR under the FEC threshold can be supported using
the SkipNet(K1 + K2) equalizer in conjunction with GS-LMS
and less than 250 symbols.

Optimizations previously proposed to accelerate conver-
gence in adaptive FFE/DFE solutions may also be applied
to SkipNet and further reduce training lengths and thus the
required preamble overhead. In particular, techniques that
load pre-determined weights packet-by-packet and prior to
adaption could lead to significant convergence improvements.

D. High-Dynamic-Range PAM4 PON Using Adaptive
NNE

Figure 7 summarizes the implications of adaptive NNE for
PON by plotting the achievable DR versus accumulated dis-
persion of the adaptive SkipNet(K1 + K2) equalizer for 100G
PAM4 using an SOA preamplifier at the OLT.

While the HS-PON standards call for a 19.5 dB DR for up
to 77 ps/nm in the O-band, the 7-T tap SkipNet(K1 + K2)
can support >28 dB DR BtB, with >25 and 22.9 dB DR for
68 ps/nm and 81.6 ps/nm, respectively, using 15,000 symbols,
as seen in Figs. 4(a) and 4(b). This is in contrast to the conven-
tional FFE/DFE with 7-T taps and two decision feedbacks,
which achieves 16.0 dB DR BtB and can only sustain 12.5 dB
DR up to 48 ps/nm. Further, the proposed adaptive NNE
can sustain these dynamic ranges up to 68 ps/nm dispersion
using as little as 250 training symbols in conjunction with the
GS-LMS algorithm and can meet the 19.5 dB DR requirement
up to 81.6 ps/nm using just 400 symbols. These low training
symbol requirements are equivalent to preamble lengths pro-
posed in recent FFE/DFE studies, and therefore SkipNet is an
appropriate and viable adaptive NNE solution for enabling
future PON systems.
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Fig. 7. The SkipNet equalizer achieves >25 dB DR for up to
68 ps/nm accumulated dispersion using just 250 symbols, clearly
outperforming the adaptive FFE/DFE equalizer, which cannot even
support the 19.5 dB PON DR requirement in the BtB scenario.

Also shown in Fig. 7, the DR values achieved by the adaptive
SkipNet(K1 + K2) equalizer using just 400 training sym-
bols approach those of an ideally trained NNE. The adaptive
equalizer incurs a 0.5 dB DR penalty relative to the ideal
NNE in the BtB scenario, which increases to 2 dB penalty at
81.6 ps/nm dispersion. It is expected that, with further study of
the SkipNet scheme’s convergence behavior, it will be possible
to close this gap to the ideal NNE performance using a short
training preamble.

6. CONCLUSION

In this paper, an original adaptive NNE framework (SkipNet)
is proposed for future 100 Gbit/s PAM4 upstream PON trans-
mission using an SOA preamplifier at the OLT. This novel
equalization scheme achieves >29 dB DR back-to-back, as
well as >25 dB DR in transmission scenarios involving up
to 68 ps/nm dispersion impairment. Additionally, a 22.9 dB
DR is achieved for 81.6 ps/nm dispersion, which is above the
19.5 DR requirement outlined in the recent ITU-T 50G HS-
PON standard. The SkipNet equalizer avoids complex neural
network training since its kernel NNEs undergo once-off pre-
training prior to deployment. The simple LMS algorithm is
shown sufficient to adapt SkipNet equalizers to varying packet
powers, as well as combinations of non-linear SOA patterning
and fiber dispersion impairments. Further, using the GS-LMS
algorithm, SkipNet is shown to converge in as little as 250 sym-
bols for a wide range of packet scenarios, which is equivalent
to conventional FFE/DFE training symbol requirements pro-
posed in the literature. In contrast, proposed NNE solutions
to date rely on extremely complex and resource heavy machine
learning training algorithms that need tens or even hundreds
of thousands of training symbols and are wholly unsuitable
for adaptive equalization in upstream burst-mode PON. It
is expected that SkipNet’s convergence can be made even
faster using methods developed for LMS-like optimization in
FFE/DFE solutions.

As far as we are aware, SkipNet is the first adaptive neural-
network-based equalization scheme targeting future 100G
PON that could potentially be trained on a packet-by-packet

basis for burst-mode reception at the OLT. Further, it is
expected that SkipNet can find use outside of PON applica-
tions where complex conventional neural network training
overheads are a barrier to the use of NNE. These could include
scenarios where varying channel characteristics due to environ-
mental factors or device degradation are a concern, or where
plug-and-play capabilities are required.

Funding. Science Foundation Ireland IPIC Research Center
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