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We present a Convolutional Neural Network (CNN) ar-
chitecture for inverse Raman amplifier design. This
model aims at finding the pump powers and wave-
lengths required for a target signal power evolution,
both in distance along the fiber and in frequency. Using
the proposed framework, the prediction of the pump
configuration required to achieve a target power profile
is demonstrated numerically with high accuracy in C-
band considering both counter-propagating and bidi-
rectional pumping schemes. For a distributed Raman
amplifier based on a 100 km single-mode fiber, a low
mean set (0.51, 0.54 and 0.64 dB) and standard deviation
set (0.62, 0.43 and 0.38 dB) of the maximum test error are
obtained numerically employing 2 and 3 counter, and 4
bidirectional propagating pumps, respectively.
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1. INTRODUCTION

In long-haul optical communications, amplifiers play a crucial
role in compensation of the link losses. Designing a desired
optical amplification scheme is challenging as the requirements
in noise figure (NF) and gain profile can be strict. Distributed
Raman amplifiers (DRAs) have been extensively researched re-
cently due to their low NF and moreover, providing flexibility in
power evolution control by changing the power and wavelength
of the pumps [1], which makes them attractive for wideband
wavelength division multiplexed (WDM) scenarios [2].

One of the main challenges with inverse DRA design is
caused by the nonlinear interactions between pumps and signals
making it difficult to choose the relative positions and powers
of the pump waves with a required gain spectra at the end of
the fiber link [3]. Several machine learning solutions have been
proposed for this problem in the literature. In [4], a neural net-
work (NN) model averaging along with a fine tuning technique
is employed to learn the relationship between the desired gain

profile at the end of fiber and the corresponding pump powers
and wavelengths in a SMF link. Furthermore, [5] proposes an
Autoencoder (AE) scheme by embedding a differentiable Raman
amplifier model in the training procedure of a NN to predict the
pump parameters for a specific family of gains in a FMF link.

Alternatively to designing the power spectral density at the
amplifier output (frequency domain), being able to control the
power evolution over the transmission span (spatial domain) of-
fers a variety of advantages. Uniform distribution of the power
along the span results in a quasi-lossless transmission which min-
imizes the amplified spontaneous emission (ASE) noise level
[6-8]. Such a power distribution would also help several of
the Kerr nonlinearity mitigation techniques currently being in-
vestigated, e.g. transmission based on the nonlinear Fourier
transform theory which assumes lossless transmission [9] or
nonlinearity mitigation using mid-link optical phase conjuga-
tion which requires a symmetric power distribution [10]. A
significant research effort has been devoted both numerically
and experimentally into achieving a desired signal power evolu-
tion over a narrow frequency bandwidth but with limited work
presented on full C-band. So far, no optimization method has
been proposed for addressing the power evolution design jointly
in spatial and frequency domain.

In this paper, we propose a supervised deep CNN architec-
ture for inverse DRA design in a SMF link to find the pump
powers and wavelengths based on the two dimensional signal
power profile in frequency and distance along the fiber. The pro-
posed method employs two networks trained in an end-to-end
procedure: A CNN network as the feature extraction followed
by a multi-layer NN as the regression for predicting the pump
power and wavelength values based on the extracted features.
The proposed method reduces the high spatial redundancy of
the signal power in frequency and distance and also extracts
informative features for prediction of the pump parameters. For
the evaluation of this framework, numerical simulations are
demonstrated in C-band utilizing both counter-propagating and
bidirectional pumping schemes.

The remainder of the paper is organized as follows. In sec-
tion II, systems level CNN-based architecture and the training
configuration for inverse DRA design is described. Section III
demonstrates the numerical simulation results of the proposed
method for counter and bidirectional propagating schemes in
C-band. Finally, section IV concludes the paper.
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Fig. 1. Diagram of the CNN architecture for the inverse DRA design based on target power profile in frequency and distance

2. SYSTEM LEVEL INVERSE DRA DESIGN

A. CNN architecture for inverse DRA design

Considering a system with a forward mapping denoted as
Y = f(X), the inverse design problem aims at modeling the
mapping f~!(.) in order to find the input X providing a de-
sired target output Y. In many cases, the forward mapping is
straightforward and can be solved numerically, while the inverse
mapping may be very complex or even unknown. Regarding
this, machine learning methods, especially deep learning algo-
rithms, have shown a promising performance in learning the
approximate inverse mapping between X and Y only based on
samples (X®, Y®) generated from the forward model f(.) [4]. For
simplicity in our further analysis, we will refer to X and Y as the
sampled versions of the input and output spaces.

In inverse DRA design for a SMF link based on signal power
evolution, the forward mapping can be described as Ps(f,z) =
F([Ppump; Apump|) where Ps(f,z) = [pijIN,,xN. is the two dimen-
sional signal power in which p;; is signal power at i-th frequency
channel and j-th distance index in a WDM system with N,
number of channels and N; distance points, f(.) is a system of
nonlinear differential equations for Raman amplification scheme
[11, Ppump = [P1, -+ -, PNW}T is the pump power vector with T
denoting the transpose operator, and Apymp = [A1,- -+, )\Np} Tis
the pump wavelength vector.

To be able to simultaneously predict the pump powers and
the wavelengths, we present a deep learning algorithm to model
the inverse mapping [Ppump; Apump] = f~ 1 (Ps(f,z)). The di-
mensionality of the problem does not allow to simply apply the
frameworks of [4, 5], since in order to make the input compatible
with these methods, the power profile for each sample should
be converted to an array of length N, x N, which results in an
extremely large and complex network. For instance, if a system
have N, = 40 channels and 100 km span length with distance
resolution of 1 km, N, = 100, the number of the nodes of the in-
put layer will be N, X N, = 4000. The mapping between such a
high dimensional input and the pumping configuration requires
a network with high number of trainable parameters which not
only takes too much time to be trained, but also will be prone
to problems like overfitting and local minimum. Additionally,
using the approach of [4, 5] would be unnecessarily complex
as it would not take advantage of the inherent correlation be-
tween the input data. Clarifying this, each point in a WDM
frequency-distance space resembled as a pixel of a two dimen-
sional image, has a high spatial redundancy. This means that
adjacent points have a lot amount of information in common,
however, fully-connected NNs are not capable of reducing these

spatial redundancies. Concerning these two main problems, we
found CNNs more attractive since they have been designed to
process data coming on the form of multiple arrays, like images,
and moreover, they can successfully capture the Spatial and
Temporal dependencies in a two dimensional form data through
the application of relevant filters [11] and weight sharing.

For a CNN-based demonstration of inverse DRA design, we
consider the distance-frequency power evolution matrix Ps(f,z)
as a two dimensional input to the network aiming to predict
the pump configuration leading to the target Ps(f, z). Diagram
of the CNN-based method is illustrated in Fig.1. The proposed
framework is made up of two stages trained End-to-End, a
feature extraction,

R(;0g) : RNo>xNe RO sy 5z < Ny x Nz (1)

and a regression network,

F(;0F) - R(axrxnz)x1 _y p2N,x1 @

with trainable parameters g and 0F, respectively. First, a pixel-
wise min-max normalization is performed on the input data
as a pre-processing step. The minimum and maximum values
selected for each frequency-distant points are equal to the the
minimum and maximum values of the points in the training
set, respectively. Afterwards, the normalized profile is passed to
the feature extraction network R(.; fr) which consists of three
CNN layers with 1y, ny and ng3 filters of size f1 X f1, fo X f
and f3 X f3, respectively. Moreover, each CNN layer is followed
by rectified linear unit (ReLU(x) = max(0, x)) as the activation
function which can speed up the training process due to its
simplicity in gradient calculation. Furthermore, spatial pooling
is carried out by three average-pooling layers inserted in be-
tween successive CNN layers with the window size of my x m,
my x my and m3 X ms, respectively. The function of pooling lay-
ers is to progressively reduce the spatial size of the input feature
maps resulting in lower amount of parameters and computa-
tions in the network. It is worth noting that the reduction of
the scale of representation by each pooling layer is equal to its
window size. Consequently, each layer of this network generates
informative and compact representations of the input through
nonlinear mappings. The output of the last CNN layer is a
three-dimensional representation of the input profile consisting
of n3 different two-dimensional representations generated by
the different filters of the last layer each with the spatial sizes
of g = N,/ (my X mp x mz) and r = N,/ (my X mp X mz). This
3D-representation is converted thereafter to a vector of length
g X r x n3 by the flatten layer and then is passed to the regres-
sion network F(.;0r). The objective of this network, modeled
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as a deep fully-connected, is to map the extracted features to
the pumping setup. This network has four layers including the
flatten layer of size g X r X n3, two hidden layers of size Nj; and
Ny, and the last layer of size 2N, representing the pumping
configuration vector. The values of Nj; and Nj, are optimized
depending on the proposed pump configuration.

B. Training and evaluation

Since the proposed approach relies on supervised learning, a
data-set D = {Y}, Xx|k = 1,-- -, K} needs to be generated where
K is the number of samples, Y = [Py, ; A, ] and Xi = Py
are the pumping configuration vector and the corresponding 2D
signal profile of the k-th sample, respectively. In this paper we
focus on a data-set generated by solving the Raman amplifier
differential equations [1], denoted as Raman solver, for different
pump powers and wavelengths. For each sample data, each
value of the pump parameters denoted as the m-th value of the
vector Y have been selected based on a uniform distribution

m ~ U™,y G

min max

in which ;""" and y;;** are the minimum and maximum values
allowed to be taken by the m-th value of Y, respectively. After
the data generation, same as the most supervised learning ap-
proaches, we divide the data into separate training, testing and
validation sets. Also, we make sure that the training set contains
the minimum and the maximum values of each dimensions of
the input signal power evolution matrix Xj to have a good gen-
eralization property [4]. The overall model of the inverse design
network can be described as:

Y:R(F(X;Op);()R) 4)

in which both R and F are jointly trained to minimize the average
cost function C between the original target value Y; and the
approximated value Y; = R(F(Xj; 0F); 0r) of the training set:

1 & o
0k, 0f = argmin— Y C(Y},Y}) (5)
Or,0F =1

where L is the number of training samples and for each sample,
C is the mean square error (MSE) value between the target and
the approximated pump set-up values Y; and Y}, respectively:

1N

_ i vi2
C= 2N, ;(Yz Yr) (6)

The parameters of the network are updated in an iterative
approach by means of gradient descent algorithm and back-
propagation [11]. Furthermore, advanced optimization algo-
rithm RMSprop [12] is employed for updating the parameters
as it provides a fast and robust convergence for each parameter.

Once the training of the network has been completed, we
fix the set of the learnt parameters of the network 6 = {0, 0r}
to evaluate its performance. To this end, we put the network
into a schematic as illustrated in Fig. 2. In this scheme, for
each input power profile, the corresponding pump powers and
wavelengths have been predicted using the network in Fig. 1 and
then passed to the Raman solver RS(.) to compute the power
profile based on the predicted pumping setup. Afterwards,
maximum absolute difference between the predicted and the
input power profile is calculated in frequency (f) and distance
(z) domain as the final prediction error for each sample.
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Fig. 2. Evaluation diagram of the proposed method

3. SIMULATION RESULTS

In this section, we investigate the CNN-based framework pre-
sented in the previous section for the design of Raman amplifiers
in C-band. The data-set are generated using the Raman Solver
provided by GNPy [13], an open source application developed
recently for analyzing optical networks.

We consider a single span and analyze the evolution of the
power profile jointly over the distance and the entire C-band
(between 192 and 196 THz). Also, three propagation cases are de-
ployed for the evaluation of the proposed method: two counter-
propagating cases with 2 and 3 pumps and a bidirectional propa-
gating case with 4 pumps (2co+2counter). The ranges for pump
powers and wavelengths are specified in Table 1. The super-
scripts (-) or (+) on the power ranges specify the counter or
co-propagation of the corresponding pump, respectively.

Table 1. Power and wavelenght ranges for each DRA case

Param 2 pumps 3 pumps 4 pumps
Pi[mW] | [40 —400]~ [30 —300]~ [30 —300]~
Dy[mW] | [40 —400]~ [30 —300]~ [30 —300]~
Ps[mW] | - [30 — 300]~ [30 — 300] "
PymW] | - - [30 —300]*
Aq[nm] [1414 —1449] | [1414 — 1437.3] [1414 — 1449
Ag[nm] [1449 —1484] | [1437.3 —1460.3] | [1449 —1484]
As[nm] - [1460.3 — 1484] [1414 — 1449
Ay[nm) - - (1449 — 1484

We divided the C-band into 40 channels with 100 GHz spac-
ing. Input signal power per-channel is set to 0 dBm which
results in a total WDM signal power of 16 dBm. Furthermore, a
standard silica fiber with the following parameters is assumed:
span length Lspan =100 km, signal data attenuation as = 0.2
dB/km, pump power attenuation &, = 0.25 dB/km, effective
area A, = 80 ymz, non-linear coefficient y = 1.26 1/ W /km.

In order to determine the size of the training data, for each
pumping case, different sizes from 1000 to 8000 have been inves-
tigated. Models trained on training data-sets with different size,
have been evaluated by the MSE on a validation data-set with
1000 points generated separately. Fig. 3 shows the validation
MSE as a function of the size of the training data-set. Based on
the validation MSE and also the training time, we realized that
for 2 and 3 counter and 4 bidirectional cases, best training data
sizes are 5000, 6000 and 7000 samples, respectively. Increasing
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the training size will not result in a remarkable improvement.

Regarding the parameters of the feature extraction network,
number of filters (nq,ny,n3), filter sizes (f1, f2, f3), and the
average-pooling layer window sizes (7, my, m3) have been set
and evaluated based on the most common values in the liter-
ature. For the number of filters of each layer, we tried 32 and
64 numbers and observed that 64 filters extremely increase the
training time with no improvement in performance. Moreover,
filter size of 3 x 3 showed a better validation MSE over a bigger
5 x 5 filter. We also figured out that for the window size of the
average-pooling layers, a commonly used 2 x 2 window has a
better MSE over a window of size 3 x 3. Furthermore, regarding
the regression network parameters, we evaluated the validation
MSE by setting the Nj,; and Nj,; based on the set {20,40, 80,100}
and realized that for 2 pumping case, Nj; = 40 and Nj; = 40
with ReLU activation, and contrarily, for both 3 and 4 pumping
cases, Nj; = 100 and Nj, = 40 with ReLU activation function
will minimize the validation loss. For all pumping schemes, the
batch size in training phase has been set to 128 and the learning
rate of the RMSprop is set to 0.001. Furthermore, the best dis-
tance resolution for 2 and 3 pumps is 2 km and for 4 pumps is 1
km. Moreover, due to the different value ranges between pump
powers and wavelengths at the output layer, the network is
trained on the min-max normalized pump configuration vector.
The resulting normalized pump configuration vector can be lin-
early mapped to the desired interval of powers and wavelengths
based on the specified ranges for these parameters.

Final evaluation of the trained models is performed based
on the scheme illustrated in Fig.2 on test data-sets with 2000
samples generated for each pumping case. Fig.4 indicates the
probability density function (pdf) for the maximum absolute er-
ror (Erroryax) of the reconstructed power profile beside its mean
(p) and standard deviation (o) for all cases. It has been demon-
strated that the y value for 2 counter-propagating, 3 counter-
propagating and 4 bidirectional propagating cases is almost 0.51
dB, 0.54 dB and 0.61 dB, respectively, and also the o value for
these cases is almost 0.62 dB, 0.43 dB and 0.38 dB, respectively.
We can therefore assert that the proposed method is highly accu-
rate for designing Raman amplifiers based on the signal power
profile over a wide band and along the span.

4. CONCLUSION

A CNN framework is presented for inverse DRA design based
on desired signal power profile in frequency and distance do-
main. The proposed method consists of two networks trained
end-to-end: 1) a feature extraction with 3 CNN layers employed to
extract informative features of the 2D signal power profile and 2)
a regression aiming to predict the pump powers and wavelengths
values based on the extracted features. Numerical simulations
show that the proposed framework provide high accuracy in
terms of predicting the pump parameters for both counter and
bidirectional propagating pumps in C-band.
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