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Abstract

We report the generation of spectrally-tailored supercontinuum using Fourier-domain
pulse shaping of femtosecond pulses injected into a highly nonlinear fiber controlled by a
genetic algorithm. User-selectable spectral enhancement is demonstrated over the 1550-
2000 nm wavelength range, with the ability to both select a target central wavelength and
a target bandwidth in the range 1–5 nm. The spectral enhancement factor relative to
unshaped input pulses is typically ∼5–20 in the range 1550–1800 nm and increases for longer
wavelengths, exceeding a factor of 160 around 2000 nm. We also demonstrate results where
the genetic algorithm is applied to the enhancement of up to four wavelengths simultaneously.

A supercontinuum is a versatile light source that has revolutionized many applications such
as imaging, spectroscopy, and sensing [1, ]. The dynamics of supercontinuum generation are
highly nonlinear and complex, especially in the anomalous dispersion regime where the resulting
spectral features are associated with ejected soliton pulses, dispersive waves generation, and
spectral interference [3]. Although it is now routine to generate supercontinuum spectra with
very broad bandwidths, obtaining a desired spectral coverage with a large fraction of intensity
in particular wavelength bands is more challenging, often requiring time-consuming trial and
error experiments as well as computationally demanding simulations.

Machine learning is showing great promise in enabling “smart” control of light sources [4–6],
and techniques such as genetic algorithms (GA) and neural networks have been applied to ac-
tively control the complex dynamics and output characteristics of pulses from fiber lasers [7–12],
extra-cavity pulse compression [13], and controlled spectral broadening in planar waveguides
induced by multipulse sequences [14]. In this paper, we apply a genetic algorithm to the system-
atic optimization of supercontinuum generation in a highly nonlinear fiber (HLNF), focussing
in particular on enhancing the spectral intensity over narrow bandwidths of 1 nm and 5 nm,
selected arbitrarily over the wavelength range 1550-2000 nm.

Our approach is based on computer-controlled Fourier-domain spectral shaping to adjust
the phase of a few 100’s fs pulses injected into a highly nonlinear fiber. Specifically, a genetic
algorithm optimizes the spectral phase of the input pulses so as to maximise the spectral in-
tensity at one or more desired output wavelengths. For single target wavelengths, we quantify
the spectral enhancement resulting from the optimization as a function of the desired central
wavelength, and show that the technique works best for longer wavelengths exceeding ∼1850 nm
with enhancement factors in the range 10–160. We also show that the algorithm can be adapted
for multi-wavelength enhancement with the simultaneous optimization of the spectral density
at three and four wavelengths. We also describe the evolution properties of the algorithm which
shows rapid convergence to the desired target regime in ∼20 generations for single wavelength
optimization, and after ∼50 generations for the multi-wavelength case. These results provide
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Figure 1: Schematic of the pulse shaping apparatus and the feedback loop from the genetic
algorithm to the spatial light modulator (SLM). The setup is composed of identical gratings
(G1, G2, 600 lines/mm, D = 1.46 nm/mrad) and identical lenses (L1, L2, f = 30 cm). Light is
collected after the pulse shaper and focused into a highly nonlinear fiber. The fiber output is
coupled into an optical spectrum analyzer (OSA) and the spectral intensity characteristics are
optimized by a genetic algorithm which controls the spectral phase applied to the SLM. The
fitness functions used for single and multi-wavelength optimization (see main text for a detailed
description) are also highlighted in the figure.

a further demonstration of the power of machine learning techniques in harnessing complex
dynamical processes for particular applications in photonics.

The spectral phase imposed by the SLM is controlled by a genetic algorithm to enhance in
target wavelength bands the spectral intensity of the supercontinuum generated in the highly
nonlinear fiber. Note that evolutionary algorithms have been previously applied for the optimiza-
tion of femtosecond and nanosecond laser pulses [15–27] and here, our approach is specifically
adapted to the optimization of supercontinuum characteristics.

The algorithm evolves a population of 50 individuals, each individual specified by the five
parameters of the system (genes). The SLM phase function (applied in the dispersed plane of
the beam) is: φSLM(λ) = c1(λ − λ0)

2 + c2(λ − λ0)
3 + c3(λ − λ0)

4, where the three coefficients
(genes) c1, c2, c3 quantify the spectral phase contributions up to fourth order (quartic), and the
central frequency of the phase pattern λ0 constitutes a fourth gene. In addition, a fifth gene can
be optimized to control the overall system throughput and hence the input power injected into
the fiber. This is achieved by applying a phase ramp to the SLM in the direction orthogonal
to the grating dispersion and tilting the beam, for example up. The angular tilt decreases the
light coupling efficiency to the fiber [28].

Starting from an input generation of randomly selected genes, we compute for each individ-
ual a fitness function [29]. In the case of single-wavelength optimization, this fitness function
corresponds to the integrated spectral intensity around a specific target wavelength and over
a specified bandwidth: S =

∫
I(λ)dλ. The individuals in the subsequent generation are then

selected using standard techniques of elitism (5%), cross-over (9%), and mutation (8%). This
process evolves through multiple generations until convergence is reached and there is no signifi-
cant further improvement. The “best” individual is then retained as the algorithm output. Note
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that for speed of execution, the fitness function during the optimization steps for each individual
is computed by scanning over a limited bandwidth of 30 nm around the target wavelength and
the full spectrum is recorded only upon convergence. The implementation was done using the
Global Optimization toolbox from MATLAB and optimization takes typically 25 minutes per
wavelength optimization.

Figure 2 shows typical results targeting spectral optimization at 1900 nm and for target
bandwidths of (a) ∆λ = 1 nm and (b) ∆λ = 5 nm. More specifically, Figs. 2(a) and (b) plot
in blue the HNLF output supercontinuum spectra without optimization (i.e. using only the
unshaped pulses) and with GA optimization (red and purple respectively). The insets show the
corresponding spectra using a logarithmic scale in dB. The GA optimized results were obtained
after 50 generations. When comparing Fig 2(a) and (b), it is clear that, although the optimized
spectra are different over the range 1500–1800 nm, the intensity characteristics around the target
wavelength of 1900 nm are similar (with a spectrally broader feature in (b) as expected.)

We repeated the optimization procedure above for target wavelengths in the full range
1550–2000 nm scanned in increments of 50 nm (and again for bandwidths of ∆λ = 1 nm and
∆λ = 5 nm.) It is convenient to quantify the optimization results here by defining a spectral
intensity enhancement factor η = Sf/Si where Sf and Si are the optimized and unoptimized
spectral intensities integrated over the target bandwidths, respectively. Figure 2(c) plots the
enhancement factor as a function of target wavelength for bandwidths of ∆λ = 1 nm (red) and
∆λ = 5 nm (blue). The algorithm yields excellent performance with greater than ×20 enhance-
ment above 1800 nm. The results for both bandwidths show a similar trend. The improved
performance at longer wavelengths is attributed to the fact that the particular spectral feature
that is being optimized here is a distinct Raman-shifted soliton pulse which is separated from
the more modulated spectral features closer to the pump.

For multi-wavelength optimization, we need to define a more complex fitness function that
favours the enhancement of spectral characteristics at a number of different wavelengths simulta-
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Figure 2: (a) and (b) plot in blue the HNLF output spectra without optimization (i.e. generated
by the unshaped pulses) and the HNLF output spectra with GA optimization for bandwidth of
∆λ = 1 nm and ∆λ = 5 nm in red and purple, respectively. The insets show the corresponding
spectra in logarithmic scale. (c) Spectral intensity enhancement factor vs. wavelength for single-
wavelength optimization and for bandwidths of ∆λ = 1 nm (red) and ∆λ = 5 nm (purple).
Spectra were normalized with respect to the maximum spectral intensity recorded over the
measurement series.
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Figure 3: Optimization of multiple wavelengths simultaneously, (a) at 1550 nm, 1750 nm and
1850 nm. (b) at 1600 nm, 1700 nm, 1800 nm, 1850 nm. Both figures show the spectrum before
(blue) and after optimization by the GA (red). Note that spectrum before optimization can
slightly change due to fluctuations in the pump laser power. The red rectangles indicate the
position of the optimized wavelength bands.

neously. A challenge comes from the intrinsic property of the genetic algorithm: although we op-
timize multiple parameters, there is only one final fitness value. In particular, we need to be able
to clearly force the algorithm to favor multiple peaks (rather than e.g. one peak with very large
intensity), and we also need to be able to differentiate between a well-defined spectral peak with
convex structure, and e.g. a concave dip in the spectrum with the same area over the target band-
width. For the case where we seek spectral optimization at three wavelengths, the definition of
the fitness function is illustrated in Fig. 1, with associated definition: M = Σ1Σ2Σ3/(B1B2)

1/4.
Here at each target wavelength λk, each Σk = Sk(∆λ1)Sk(∆λ2)Sk(∆λ3) in the numerator
is the product of the integrated spectral intensity over increasing bandwidths ∆λ1 = 1 nm,
∆λ2 = 5 nm, ∆λ3 = 10 nm. By integrating over different bandwidths in this way, we favour the
generation of convex peaks. In the denominator, each Bj quantifies the energy in the wavelength
range between the target peaks as shown in Fig. 1. Maximising the fitness function then requires
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Figure 4: (a) The red and yellow curves show the fitness function evolution for the simultaneous
optimization of three and four different wavelengths, respectively. The vertical dashed lines
mark the fitness value after 20 generations. (b) Optimization for single wavelength shown for
three different wavelengths at 1600, 1900 and 2000 nm.
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maximising the energy in all target peaks as well as minimising the energy between them. The
fourth root in the denominator was found empirically to yield the best convergence. Figure 3(a)
and Figure 3(b) show results of the optimization for three (1550 nm, 1750 nm and 1850 nm) and
four wavelengths (1600 nm, 1700 nm,1800 nm and 1850 nm) simultaneously. Note that those
wavelengths were selected arbitrarily for illustration purposes.

Typical results of the GA optimization procedure are shown in Fig. 4 for single and multiple
wavelengths. Specifically, over 50 generations, Fig. 4(a) plots the fitness value computed over
the 50 individuals in the population for a three-wavelength optimization (red dots), as well
as the fitness value for the best individuals in the case of four-wavelength optimization (yellow
dots). For completeness, Fig. 4(b) shows the fitness value evolution over the generation for single
wavelength optimization in three different cases (λ = 1600 nm, λ = 1900 nm and λ = 2000 nm).
The GA evolution shown in the figure reveals that the regime of convergence is reached rapidly
when only a single wavelength is optimized. Indeed, for these particular results, the algorithm
appears to identify the optimal regime after only 20 generations, although the precise evolution
for any particular experiment does depend on the initial genes that are selected randomly.
Nonetheless, additional testing revealed that between 10-20 generations to enter into the optimal
regime was typical.

The experiments reported here shows the strong dependence of the supercontinuum features
on the input phase parameters applied before propagation into a highly nonlinear fiber. Auto-
matic optimization using a genetic algorithm has been shown to effectively improve the spectral
intensity for a given wavelength in a broad wavelength range and can be achieved in less than
30 min. Our results here were demonstrated over 1550-2000 nm, a technical limit imposed by
the optical spectrum analyzer. Our results open up novel perspectives for light sources with
on-demand spectra tailored to specific applications.
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