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Designing and optimizing optical amplifiers to maximize system performance is becoming increasingly
important as optical communication systems strive to increase throughput. Offline optimization of optical
amplifiers relies on models ranging from white-box models deeply rooted in physics to black-box data-driven
and physics-agnostic models. Here, we compare the capabilities of white-, gray- and black-box models on the

challenging test case of optimizing a bidirectional distributed Raman amplifier to achieve a target frequency-
distance signal power profile. We show that any of the studied methods can achieve similar frequency and
distance flatness of between 1 and 3.6 dB (depending on the definition of flatness) over the C-band in an 80-km
span. Then, we discuss the models’ applicability, advantages, and drawbacks based on the target application
scenario, in particular in terms of flexibility, optimization speed, and access to training data.

1. Introduction

The behavior of optical amplifiers directly affects the signal perfor-
mance in optical communication systems [1] and their impact grows as
communication systems get extended to multi-band [1] and/or space-
division multiplexing [2] operation. Therefore, modeling and more
importantly optimizing the amplifier response is highly desirable, and
considerable research effort has been dedicated to the topic [3-6].
Substantial earlier work on modeling optical amplifiers has been mainly
focused on describing the physical processes leading to optical ampli-
fication [7-10], referred to as white-box models. With such models,
offline optimization of the gain profile of the amplifiers can be carried
out. This process is generally cumbersome due to the often complicated
differential equations involved in predicting the amplifier behavior.
Furthermore, the physical parameters involved, e.g. gain-medium prop-
erties such as emission spectra [8], gain coefficient spectra (Raman) [9,
10], etc., are not always easy to characterize. Model fitting is there-
fore applied [4,11-13] but inaccuracies between the fitted model and
the physical amplifier directly impair the optimization. Additionally,
iterative optimization may suffer from a significant computational
complexity if such white-box models are non-differentiable.

Alternatively, online optimization relying on gradient-free methods
can be applied directly to the physical device. These mainly rely on the
use of evolutionary algorithms, e.g. genetic algorithms [14-16]. While
they do not require a model, the optimization of live systems is chal-
lenging and time-consuming due to the requirement of feedback from
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the physical system, system downtime during the optimization process,
and the related measurement uncertainties, which might mislead the
optimization.

More recently, black-box models, based e.g. on neural networks
(NNs), have been proposed [6,17-24]. These models can be trained
on either synthetic or experimental data and can directly implement
inverse models — given the target amplifier response they provide the
amplifier parameters — enabling nearly real-time reconfigurability once
the models are trained. However, a relatively large training dataset is
normally required, especially if generalizable models are desired, e.g. in
terms of multiple Erbium-doped fiber amplifier (EDFA) units [25] or
Raman amplifier relying on different fiber types [26].

Finally, the use of physics-informed NN models has gained increas-
ing interest following their first introduction in [27]. These models
combine the data-driven approach of black-box NN with the knowledge
from the underlying physics, generally included through an ad-hoc
loss function which includes terms from both the data-driven and
the physics-informed sides. Such an approach has also seen prelimi-
nary applications to nonlinear propagation in optical fibers [28] more
specifically to Raman amplifiers [29-31].

All of the above approaches, from the white-box physical modeling
to the black-box NN-based models, have advantages and drawbacks
depending on the target application [32]. Additionally, a systematic
comparison of their performance on the same test case has yet to be
reported.
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In this work, we compare four optimization methods spanning the
categories just described. Their performance is studied on the par-
ticularly challenging test case of a bi-directional distributed Raman
amplifier with first and second-order pumping where the wavelength
division multiplexed (WDM) signal power evolution over frequency and
fiber distance is jointly optimized, aiming for maximizing flatness over
both dimensions. Then, the applicability of each method to different
optimization scenarios is discussed. In Section 2, the considered opti-
mizers are briefly described. The test scenario is defined in Section 3.
The methods’ performance and applicability are reported in Sections 4
and 5, respectively. Section 6 summarizes the main findings.

2. Raman optimizers

The signal and pump power evolution through a Raman amplifier
can be numerically calculated by solving a system of nonlinear partial
differential equations [33]:

% = £2e, ()P, (f,2) + Z &Ry — fw)

" P(fyp.2) - P(fy,2), (1)
fu€F eff

where the indexes m refers to the current carrier (pump or signal), the
index n indexes the co- and counter-propagating carriers (positive and
negative sign on the first right-hand side term) and 7 = 7, U T is
the set of active carriers including the set of pumps ¥, and the set of
signals F,. P(f,z) is the carrier power at frequency f and distance z,
gr(fy, — fn) is the Raman gain coefficient for a given offset between
the frequencies f, and f,, (here, assumed independent of the reference
wavelength and constant over the C-band), a(f,) is the fiber loss at
frequency f, and A, is the fiber effective area. This model does not
allow for analytical optimization, as it lacks a closed-form analytical
solution. Therefore different approaches have been proposed and are
briefly described below.

Optimizers based on NNs. Neural networks can approximate complex
nonlinear relations which may be challenging to express analytically
with tractable models. That is indeed the case for the relation between
a Raman amplifier response (signal 2D evolution in frequency and fiber
distance) and its input parameters (pump powers and wavelengths). For
the 2D evolution, we rely on the convolutional NN (CNN) proposed
in [34]. The network takes in input the desired 2D signal evolution in
frequency and distance and outputs the predicted set of pump powers
and wavelengths expected to lead to such a target evolution, i.e. an
inverse model. The CNN extracts the key features in the input space
through a series of convolutional and pooling layers and makes the
final prediction through a fully connected regression layer. Such an
offline model can be trained using synthetic [34] or experimental [35]
data. Once the model is trained, the inference is nearly instantaneous as
it simply relies on a sequence of convolution operations, matrix mul-
tiplications, and nonlinear activation functions (ReLU in our specific
implementation). As the model is trained on a specific dataset, the
CNN is constrained to the configurations (number of pumps, number of
signal channels, fiber properties, etc.) that have been used to generate
such a dataset, and extrapolation beyond that typically leads to poor
accuracy. In this work, a training dataset of 3500 samples is generated
using the Raman solver provided by the GNPy library [36]. The topol-
ogy of the CNN is optimized to 3 convolutional layers with 32 filters
each with a kernel size of 3 x 3 in each layer followed by max-pooling,
and finally two fully-connected regression layers with 40 hidden nodes.
The spatial resolution for the network input is fixed to 500 m. More
details can be found in [34].

Gradient-free optimizers. Gradient-free optimization algorithms can
be applied to numerical and analytical models which are non-
differentiable and more importantly to experimental setups where a
gradient cannot be explicitly calculated. Among gradient-free optimiz-
ers, evolutionary algorithms, such as differential evolution (DE), rely
on the evolution of a population of solutions that approach the desired
target by iteratively penalizing the individuals of the population that
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achieve high values of the cost function. Here, we apply a DE algorithm
to optimize the pump parameters providing target 2D power profile
which are calculated by the numerical Raman solver. The algorithm
uses the optimized parameters of [33] for our specific test scenario: a
crossover probability, mutation factor, and population size of 0.5, 0.8,
and 30, respectively.

Neural network + gradient-free optimization. As gradient-free opti-
mizers operate iteratively, their convergence (if any) can be highly
dependent on the initial conditions provided to the optimizer. In order
to speed up the convergence and the quality of the final solution,
an approximate initial condition can be provided. In the proposal
of [33], the initial population provided to the DE is constructed by
choosing pump powers and wavelengths within a small range of the
prediction provided by the CNN-based model. This choice focuses the
DE to a promising subset of the overall search space, thus significantly
reducing the number of iterations needed for convergence but at the
cost of requiring a pre-trained CNN model and assuming that the CNN
prediction is of a sufficiently high accuracy. However, DE can then
extrapolate beyond the CNN training data set without the accuracy
penalty affecting the CNN. A similar approach has been applied to
the more recent work of [37], where the gradient-free optimizer can
be used to correct for modeling inaccuracies or variations over time.
This combination of a white-box model (DE) with a black-box (NN)-
based initialization can be considered a gray-box model, similar to
physics-inspired NN models [27-30].

Gradient-based optimizers. The signal and pump power evolution
through a Raman amplifier can be numerically calculated by using
finite difference methods to solve (1), i.e. in a white-box approach.
Such a system of equations can be mostly expressed in a frequency-
differentiable form with the key exception of the Raman gain efficiency
which is normally either calculated by numerically computing an inte-
gral or defined by a look-up table based on experimental measurements.
Neither option is differentiable. In order to overcome this limitation,
in [3,38] it was proposed to fit a differentiable function to the Raman
gain efficiency. If a sufficiently accurate fit of the Raman gain is
achieved (e.g. with an overfitted neural network [3]), the accuracy of
the solver solution is not compromised and the full system of equations
becomes fully differentiable. Gradient descent (GD)-based optimization
can therefore be applied allowing differentiability over pump, signal,
and fiber parameters. Remark that the use of a GD-based optimizer for
backward or bidirectional Raman amplifiers does not require the use
of time-consuming iterative algorithms (e.g. shooting algorithms) that
are normally required to tackle the boundary-value problem. GD-based
optimizers simply fine-tune the powers at the input of the fiber for all
pumps. The input pump powers, then, uniquely determine the powers
at the output of the fiber for the counter-propagating pumps [38].
Therefore, the ability to use GD-based optimization over the system of
(1) can provide a powerful alternative to physics-inspired NN models
for specific applications.

3. Setup

The considered setup for the distributed Raman amplifier is shown
in Fig. 1 and is based on L = 80 km of a standard single-mode fiber
(SSMF) with 0.2 dB/km, 0.25 dB/km and 0.32 dB/km of attenuation
for 15xx-nm signal and 14xx-nm and 13xx-nm pumps, respectively. Ef-
fective area, nonlinear coefficient and peak Raman gain coefficient are
set to 80 pm?, 1.26 1/W/km, 0.3841 1/W/km. Raman gain efficiency
spectrum of an SSMF is assumed [36].

The optimization is carried out for 40 100-GHz spaced signal chan-
nels at a launch power of 0 dBm/channel spanning the C-band (192 THz
to 196 THz). Bidirectional pumping is assumed with three first-order
pumps and one second-order pump per propagation direction (eight
pumps in total). The pump wavelengths and pump power constraints
are defined in Table 1. The impact of noise is not considered in this
work but can be included without significantly altering the methods
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Fig. 1. The proposed distributed Raman amplifier setup with different pump power adjustment frameworks. The frameworks are discriminated with different colors (CNN: Blue,
DE: Red, CNN+DE: Purple+Red, GD: Orange). The inset shows an example of a simulated 2D power profile for a given pump configuration and flat input power channel load.

Table 1

Raman pump wavelengths and power ranges.
Co-pumps P P> P3 Py
A, nm 1366 1425 1455 1475
[Pz Pyl, MW [200,1200] [5,150] [5,150] [5,150]
[PLg Pypl, dBm [23.0,30.8] [7.0,21.8] [7.0,21.8] [7.0,21.8]
Counter-pumps s Pe P Py
4 [nm] 1366 1425 1455 1475
[Prp:Pypl, MW [200,1200] [5,150] [5,150] [5,150]
[P.p:Pysl, dBm [23.0,30.8] [7.0,21.8] [7.0,21.8] [7.0,21.8]

by simply increasing the dimensionality of the inputs and outputs of
the models to account for the noise at each channel.

The four methods compared are: (i) the stand-alone black-box model
based on a CNN, (ii) the gradient-free gray-box model based on the DE,
(iii) the combined CNN+DE method, where the CNN provides the initial
conditions to the DE-based optimizer, and (iv) the white-box model
based on a differentiable implementation of Eq. (1) optimized through
GD. As mentioned, the CNN does not require feedback from the channel
and provides a solution for the pump configuration ‘instantaneously’.
The DE and GD algorithms are iterative optimization processes. At
every iteration, the frequency-distance power profile 135( f,z) at the
channel frequencies is calculated using (1). The new profile is used
to update the pump configuration for the next iteration. Remark that
in the case of DE, the calculated power profile can be replaced by
an experimental measurement, e.g. through a frequency-swept optical
time-domain reflectometer as in [35].

The chosen test case focuses on optimizing just the pump powers.
However, all four methods also allow for optimization of the pump
wavelengths, as well as fiber parameters or input signal power, at the
cost of a more complex optimization for DE and GD-based methods and
a larger dataset required for the CNN-based methods. By its inherent
design, the GD-method applied to the differentiable implementation of
(1) can effectively calculate derivative with respect to any signal, pump,
and fiber parameter.

4. Performance comparison

A common scenario in multi-span transmission systems is to aim
for flatness of the gain spectrum over distance and frequency. Depend-
ing on the application, flatness across the two dimensions is not of
equal importance. It is therefore difficult to design a universal metric
to benchmark the system and optimize the performance. Similarly,
without such a metric, it is difficult to design a cost function for
optimization. In the following, three heuristically chosen criteria and
optimization strategies are proposed, aiming to cover a wide variety of
applications. It is not the purpose of this paper to propose a universal

strategy but to compare different optimization methods for the same
target.

Without loss of generality to the target frequency-distance evolution
definition, performance is estimated based on three main criteria,
following [33]. All criteria relate to the frequency-distance excursions
of the signal carriers (f € F,) in dB scale. The first criterion is the
maximum power excursion defined as

Jo(p,) = frgngz(P(f ,zlpp)) — frél}i,EZ(P(f .2Ip,)), (2)
where P(f, z|p,) is the signal power at frequency f and distance z given
the pump configuration p,. The criterion J; is an ultimate goal and is
the most difficult to achieve. Observe, that ultimate limits for J,, are
not theoretically known, but are interesting areas for future research to
explore. In particular, the possibility for J, = 0 and its corresponding
pump configuration would be of great theoretical and practical interest.

Second, the maximum power excursion over frequencies at any
given distance is defined as

J1(p,) = max{max (P(/. zIp,) — min (P(f. 2lp, ). ®3)

Minimizing J; instead of J is typically easier under a given pump
constraint, as it allows for the channel powers to vary along the
distance dimension, as long as the WDM signal maintains a compact
frequency spectrum.

Third, the maximum deviation from a loss-compensated transmis-
sion (0 dB net gain) over frequency

J2(p,) = max |P(/. LIp,) = P(/.0lp). )

Minimizing J, is the easiest target and is the most practically relevant
criterion, as it is directly related to the system requirement for addi-
tional frequency flattening filters and/or additional gain, e.g. through
an EDFA [23].

A visual representation of the three loss criteria is shown in Fig. 2.

To provide a broader comparison of the four optimization methods,
multiple application scenarios are considered by investigating differ-
ent weighted cost functions m” [33]. This choice aims at covering
applications that give different weight/priority to the different criteria:

m® =,

2 1
m() §J0+ 5.’1, (5)
m® = %JO +ehitgh

The loss functions of Eq. (5) are used for all optimization schemes,
except for the stand-alone CNN, for which the criteria J,,J;, and
J, cannot directly be incorporated in the training procedure as they
are limited to the profiles available in the training set. Instead, the
CNN is trained on the mean square error (MSE) over all distances
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Fig. 2. Power evolution of the 40 signal channels over fiber distance showing
the peak-peak estimation of the three loss criteria: maximum power excursion (J,,
gray), maximum power excursion over frequency (J,, red), and deviation from loss-
compensation (J,, blue).
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Table 3

Predicted pump power values in dBm. DE (stand-alone and
CNN+DE) and GD are trained for m®, while the CNN still
uses MSE as cost function.

Model | oxn | DE | cNN4DE | GD
Pump
p; [dBm] 25.2 29.1 26.5 26.9
p, [dBm] 15.2 14.2 16.7 16.8
py [dBm] 21.6 16.0 18.8 17.4
ps [dBm] 10.8 16.5 11.5 16.1
ps [dBm] 30.1 28.2 29.9 30.5
pe [dBm] 10.8 15.9 7.8 10.4
p; [dBm] 12.8 17.1 13.2 11.5
pg [dBm] 16.3 17.1 18.0 16.9
Table 4
Applicability of the different methods.
Model CNN DE CNN+DE GD
Inference speed High Medium Low Low
Training speed Low Low n.a. n.a.
Scalability No* Low Medium High
to parameters
Experimental Yes® Yes Yes” Yes©

Table 2
Comparison of accuracy performance achieved by the different methods.
Model CNN DE CNN+DE GD
Only m® m®» m® m® m® m® MmO mO P

J, [dB] 3.58 282 3.04 311 281 297 3.06 261 279 286
J; [dB] 1.48 163 082 096 180 0.88 090 198 077 1.03
J, [dB] 0.97 228 286 118 1.14 120 065 250 250 1.11

and frequencies and is similarly producing a pump profile aiming at
minimizing the MSE.

The cost function m©® aims at providing a baseline by minimizing
the difficult target. The cost function m) aims at relaxing the require-
ment for ultimate flatness in favor of minimizing a more practically
relevant and potentially easier to achieve metric: J;. Similarly, m®
further imposes the practical requirement that the gain spectrum is fre-
quency flat. For a fair comparison, the performance in terms of J,, J,,
and J, is evaluated based on the same solver applied to Eq. (1) for all
modeling approaches, including the CNN-based. The performance w.r.t.
each criterion for all optimization methods when each cost function is
used is summarized in Table 2. For completeness, J; is given also in the
case when m” is used, and J, is given in the cases when m® and m"
are used, i.e. cases in which the specific criterion evaluated was not
included in the overall cost function during optimization. These values
may also be of interest in the case when a multi-purpose configuration
is required.

Generally, the different methods achieve similar performance in
terms of J, to within +0.15 dB, except the stand-alone CNN which is
slightly penalized due to its dataset-restricted nature. The gradient-free
stand-alone DE is slightly worse than its GD-based counterpart. The
accuracy of DE is improved by initializing it using the CNN, in which
case the overall best performance is achieved in terms ofJ, and J,. The
GD was initialized with the maximum allowed values from Table 1.

It is noted that even though the performance is similar, it is achieved
with different pump configurations in all cases as shown in Table 3,
indicating the highly non-convex nature of the cost function. Initializa-
tion of all methods is thus important if more restrictive constraints on
the pumps are to be imposed than the ones in Table 1.

Notice that the cost functions could be easily adapted to the desired
optimization targets, e.g. in terms of specific signal gain spectrum, or
output signal power profile. Similarly, if noise is taken into account,
optimization in terms of noise figure or output signal-to-noise ratio
could be targeted, e.g. following the approach shown in [39] for EDFA
modeling. Finally, extension to multi-band operation is straightforward
with only minor modification required to Eq. (1), e.g. to include the
dependence of effective area and Raman gain on the pump frequency.

2 Requires a new training dataset.
b Requires an experimental training dataset.
¢ Requires parameter fitting of the model.

5. Applicability and discussion

The applicability of the different methods is summarized in Table 4.

The CNN provides ‘instant’ inference at the cost of a long train-
ing time, approx. an hour for the specific scenario discussed in this
work. The inference time is increased if higher accuracy is required
by additional optimization using DE. The more general DE, and GD
methods require significantly increased optimization time: in the order
of minutes to hours, depending on the complexity of the scenario and
computing power.In the specific scenario discussed in this work, DE
required approx. a minute per training iteration while the GD optimiza-
tion took a total of a few minutes on a graphical processing unit. On
the other hand, the DE and GD do not require any pre-training and
are fully flexible with dynamically changing scenarios, such as variable
signal load and adding/removing a pump and/or other components
in the setup. Whenever such change is required, the CNN needs a
new dataset and re-training. This limitation can also be extended to
physics-informed NN models, which are still partially constrained to the
parameters varied during training [40]. However, the stand-alone CNN
is not constrained by the underlying physical dynamics beyond what
could be learned through the training dataset. This means that its pre-
dictions, especially ones that extrapolate beyond the dataset range, are
not necessarily solutions to the true model in (1) and may thus be non-
realizable in practice, or even nonphysical. Gray-box approaches such
as CNN+DE, CNN+GD, and other physics-informed models [27] are
among the methods to guide the optimization to extrapolate. Neverthe-
less, only applying GD or DE through a physically accurate white-box
model ensures the prediction/solution follows physics laws. Physics-
informed models may require additional validation of their predictions
to ensure physical accuracy during inference.

The flexibility of the GD method, as well as the offline (i.e. based
on a model) version of the DE, comes with the requirement that the
optimization model matches to a high degree the real-life setup, which
may in turn requires some parameter fitting (such as fiber parameters
and connector losses). Assuming that, all methods can be applied to
experimental and live network scenarios, as shown for DE and CNN+DE
applied to the case under test in [35]. Considering the above require-
ments, advantages, and disadvantages of each method, the specific
optimization scenario under consideration requires to evaluate what
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method proves most useful. For example, in the case of a single static
optimization of a fixed Raman amplifier, using DE might be the fastest
as it does not require the high training overhead or model-fitting (for
an experimental setting) of CNN and GD, respectively. However, if the
target profile needs to be adapted numerous times on the same Raman
amplifier (e.g. to changing quality of transmission requirements on
different channels or dynamic channel add/drop), CNN provides the
fastest inference time, compared e.g. with DE which would require
nearly restarting the optimization from scratch at every new target.
Only profiles similar to those within the original training dataset of the
CNN can however be targeted. Such a limitation, as mentioned, does
not limit DE and GD.

6. Conclusions

Popular strategies for the optimization of optical amplifiers were
summarized and compared. The example of a bi-directional Raman
amplifier was studied with the target of flattening the frequency and
distance gain spectrum. All studied methods achieve similar perfor-
mance with approx. 1 dB of frequency-flatness at loss-compensated
transmission, and approx. 3 dB of maximum power excursion when
both frequency and distance flatness is the target. Each method poses
its advantages and disadvantages based on the application scenario and
the required speed for training, inference, and parameter fitting, as well
as support for dynamically changing environments.
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