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Abstract

We experimentally validate a machine learning-enabled Raman amplification framework,

capable of jointly shaping the signal power evolution in two domains: frequency and fiber distance. The
proposed experiment addresses the amplification in the whole C-band, by optimizing four first-order
counter-propagating Raman pumps. ©2022 The Author(s)

Introduction

Distributed Raman amplification is extensively
studied as it offers several advantages over the
lumped amplifiers such as providing a lower noise
figure, broad gain range and higher flexibility in
designt2l. One approach in designing Raman
amplifiers is to optimize the pump parameters to
obtain a desired signal power evolution shape,
jointly in spectral and spatial (fiber distance) do-
mains. Controlling the signal power evolution in
the frequency and distance, as a two-dimensional
(2D) space, is a beneficial way to approach some
of the long-term goals in optical communication
systems such as signal-to-noise (SNR) enhance-
ment and nonlinearity mitigation®#4l.  For in-
stance, a flat 2D profile in frequency and distance,
resembling a lossless link, minimizes the accu-
mulated amplified spontaneous emission (ASE)
noiseHBHEl This flat 2D profile is also a re-
quirement for the transmission based on Nonlin-
ear Fourier Transform (NFT)IZ8l A 2D symmetric
power profile with respect to the middle point in
distance is another practical example utilized to
mitigate the nonlinear impairments using optical
phase conjugation (OPC) systems#),

Power profiles in a 2D space are mostly ad-
dressed by heuristic optimization of the Raman
pump parameters, without providing a general de-
sign frameworkBH10H12l - |nl18l4 " we presented
and numerically validated a machine learning
framework to optimize Raman pump powers val-
ues, targeting power evolution design jointly in
frequency and fiber distance. The proposed ap-
proach consists of a convolution neural network
(CNN)I3l to predict the pump powers values for
a desired 2D power profile, followed by differential
evolution (DE)!4| as a fine-tuning technique.

In this paper, we experimentally validate the
CNN model and the CNN-assisted DE frame-

work presented in'314 In the proposed am-
plifier setup, signal power evolution is designed
jointly in the whole C-band and along the fiber
distance using four counter-propagating Raman
pumps. The CNN is trained and evaluated with
the 2D profiles generated by probing the setup
with different pump power values. The predicted
pump power values by the CNN for the test pro-
files result in low maximum absolute error (MAE)
values on average, while showing high MAE(>1
dB) for roughly 2% of them. To improve the CNN
accuracy on the profiles with high MAE values,
the DE technique is utilized to fine-tune the pump
power values, in real-time on the setup.

Experimental setup

The experimental setup for the proposed power
adjustment framework is shown in Fig[1l The
objective of the framework is to control a set of
Raman pump powers values p = [p1,p2, ps, p4)
to achieve a 2D target profile P'(f, z), defined in
both spectral (f) and spatial (z) domains. A stan-
dard single-mode (SMF) fiber with 50 km length is
investigated and the Raman pump module con-
sists of four counter-propagating pump lasers.
Pump wavelengths are fixed (shown with their
maximum available power value p,,... in Fig. ,
and able to amplify the whole C-band.

The investigated signal bandwidth covers the
C-band between 191.8 THz and 196.2 THz, di-
vided into 44 channels with 100 GHz spacing.
To measure the signal power evolution along the
fiber distance, a frequency-tunable optical time-
domain reflectometer (OTDR) is used. The OTDR
is connected to the fiber span with a wavelength
division multiplexer (WDM), used to isolate the
OTDR from the pump frequencies in the range
between 203.9 THz and 211.1 THz. A WDM cou-
pler is placed also at the end of the fiber link to
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Fig. 1: The experimental setup used to adjust the pump powers values for designing a 2D target power profile PY(f, z).

combine the signal and the pumps.

The OTDR introduces a low power signal (-16
dBm) into the channels, and measures the back-
scattered signal in each one of them, sequentially.
To reduce the trace noise, the OTDR distance res-
olution is set to 8.2 m and the signal pulse width
is 3 us. Once the OTDR measures the signal
power evolution for all channels, a Savitzky-Golay
smoothing filter™ with the window size w = 19
(equivalent to 19x8.2=155.8 m) and the polyno-
mial order n = 2 is applied in distance to reduce
the signal fluctuations. The smoothed traces are
then down-sampled to achieve 500 m distance
resolution, according to the distance resolution
values reported int'8l'4 and a 2D power profile
P(f,z) is formed. P(f, z) is used further as the in-
put to the power adjustment framework to update
the pump power values accordingly.

Power adjustment framework

The power adjustment framework consists of a
CNN model followed by DE, known as a gradient-
free optimization technique. The CNN learns the
mapping between 2D power profiles and their cor-
responding pump powers, and its model is identi-
cal to the one presented inl'#l. To train the CNN,
a data-set is built using the setup by applying ran-
domly selected set of pump powers values and
measuring their corresponding 2D profiles. The
CNN is trained offline, providing low MAE on av-
erage. To further improve the CNN accuracy on
a test profile with MAE higher than a threshold
(such as 1 dB), DE is used to fine-tune the pump
powers values. This fine-tuning is performed in
real-time employing the amplifier setup. For a 2D
target P'(f,z), the set of pump powers p’ pre-

dicted by the CNN is used to initialize the DE pop-
ulation. For each generated individual in the pop-
ulation, the DE process is performed and a new
set of pump powers p is applied into the exper-
imental setup (details regarding the DE process
can be found inl'¥). The MAE between the re-
sulting 2D profile P(f, z) and the target 2D profile
P!(f, ) is calculated by considering the maximum
error over the both dimensions. MAE is chosen as
the cost function for the DE to update the pump
power values. The DE process continues until a
convergence criteria such as maximum number
of iterations or a minimum MAE level is achieved.

Results

The first evaluation step is to train and validate the
CNN model. We have collected a data-set using
the setup, including 4900 samples with randomly
selected pump powers and their corresponding
2D power profiles. The data-set is divided into
train, test and validation sets with 4100, 500 and
300 samples, respectively. In the training set, dif-
ferent subsets with sizes from 1500 to 4100 are
investigated to train the CNN and evaluate the re-
sulting validation set accuracy. According to these
analyses, 3700 is selected as the final training
size. Once the CNN is trained, the R? score is
calculated for the test data to evaluate the correla-
tion between the true and predicted pump power
values. The R? score takes the values between 0
and 1 where the highest value indicates a perfect
prediction. The R? score attained for each pump
is reported in Table |1} confirming the good per-
formance of the CNN model in mapping the 2D
profiles to their corresponding pump powers val-
ues. The CNN performance in terms of true and
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Fig. 3: PDF of the MAE for the test data.
predicted pump power values is shown in Fig[2
for the pump with the lowest accuracy (p;). The
error is high for low pump power values due to
its low impact on the signal profile. As the pump
power increases, it becomes more influential and
the prediction accuracy increases, consequently.

Tab. 1: R? test scores for the CNN model prediction.

Pump D1 D2 p3 P4
R? 0.86 0.87 0.91 0.93

As an alternative way to evaluate the prediction
accuracy, for each target test profile, the predicted
pump power values by the CNN are applied to the
setup and the MAE between the target 2D profile
and the resulting one is calculated. Fig[3| shows
the probability density function (PDF) of the MAE
for all test profiles, achieving the mean p = 0.37
dB, and the standard deviation ¢ = 0.23 dB.

The CNN obtains a low MAE statistically, while
for eleven samples, it results in MAE higher than
1 dB. To improve the accuracy for the eleven pro-
files with high MAE values, we apply the CNN-
assisted DE framework as depicted in Fig.
The CNN prediction for each selected 2D profile
is used to initialize the DE with 100 maximum
number of iterations. The DE parameters are
set as reported in™. To show the CNN impact
on DE performance, another set of experiments
for these eleven profiles is performed, where the
DE population is initialized randomly (Random-
init DE), without involving the CNN. For each of
these selected 2D profiles, indexed from 1 to 11,
the MAE is shown in Figi4] for the CNN only, the
CNN-assisted DE and the Random-init DE sce-
narios. The resulting error using CNN-assisted

—=—CNN only, . =1.35dB
| |—©—CNN-assisted DE, p = 0.26 dB
—+*—Random-init DE, x = 0.48 dB

<+
[ D
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Fig. 4: MAE for the CNN, the CNN-assisted DE and the
Random-init DE approaches for the selected 2D profiles.
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Fig. 5: CNN-assisted DE result for the 10th selected 2D
profile in Fig (a) Target 2D profile, (b) Resulting 2D profile.
DE for all eleven samples is less than 0.5 dB in
all cases (less than 0.4 dB in 10 out of 11 2D
profiles), considerably better than the CNN only
and the Random-init DE results. Based onl'¥, im-
provement of CNN-assisted DE over the regular
Random-init DE would be more significant in case
the search space has high number of dimensions,
i.e. number of the pumps. To have an intuition
on the results achieved by the CNN-assisted DE
framework, a sample 2D profile (10th selected 2D
profile in Fig[) and the actual resulting one, after
applying the CNN-assisted DE, is shown in Fig/[5|

Conclusions

The CNN-assisted DE framework is experimen-
tally validated for designing 2D power evolution
profiles using Raman amplifiers. The CNN model
achieves less than 0.4 dB test error on average
while it is inaccurate for eleven 2D target profiles
in the test data-set. Addressing these profiles, DE
is applied to fine-tune the pump powers values,
showing more than 1 dB average improvement
over the CNN. The results assert that the pro-
posed framework can be effectively used to de-
sign 2D profiles, by real-time optimization of the
amplifier parameters in a setup under test.
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