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Abstract

Recent experiments have employed genetic algorithms to control plasma-based accelerators, in par-
ticular using ultra-short laser pulses to drive the acceleration of electrons. In this work this technique
is used to perform virtual experiments of control and optimization of such accelerators. The genetic al-
gorithm was implemented in ZPIC, a fully relativistic particle-in-cell code. The algorithm is almost fully
automated: after being informed of the first set of inputs to test, it creates an initial set of input param-
eters, launches several simulations in parallel, analyses the results, and ends automatically once given
convergence criteria are reached. The algorithm can thus take full advantage of large-scale supercom-
puters. After a benchmark test in 1D, results from both 1D and 2D simulations are presented. In 1D,
the optimization focus on plasmas with non-uniform density and lasers with variable longitudinal enve-
lope profiles. In 2D, the role of distorted wave-fronts in the acceleration is considered: the acceleration
distance, the radiation produced by the electrons and the energy efficiency (most particles in an energy
range) were all optimized via a laser which was not perfectly gaussian. The energy efficiency result cor-
roborate findings from other studies, but the acceleration distance and radiation results are new and can
pave way to experiments to test these discoveries. The algorithm is general, and can be readily applied
to any other class of optimization problems in plasma physics.
Keywords: Machine Learning, Plasma, Optimization, Zernike

1. Introduction
1.1. Plasma Accelerators

In 1979, Tajima and Dawson [1] provided the
guidelines for a plasma accelerator. It differed from
the conventional ones because it would theoreti-
cally have a much higher ceiling concerning the
acceleration per unit length. Plasmas are able to
sustain waves with electric fields [2] given by

E0[V/m] ≈ 96
√
n0[cm−3], (1)

where n0 is the plasma density. For example,
with an electron density of 1018 cm-3, the electric
fields can get close to 100 GV/m, which is approx-
imately 3 orders of magnitude higher than those of
RF cavities.

Generally, plasma acceleration uses relativistic
wakefields or plasma waves, associated with elec-
tron density waves in the plasma. These relativis-
tic plasma waves can be excited by the means of
ultra-intense lasers (laser wakefield acceleration,
or LWFA) [1].

1.2. PIC simulations

There are several efficient ways to simulate a
plasma. In plasma-based acceleration, particle-
in-cell (PIC) simulations are among the most suc-
cessful. They allow quantitative predictions, that
are in good agreement with experiments and play
a crucial role in exploring new concepts and ideas
before testing them experimentally. With the avail-
able computing power, PIC simulations fully play
the role of virtual experiments. In a PIC simulation,

charged particles interact self-consistently through
the e.m. fields defined in a guide. The PIC loop in-
volves four key steps. The loop that is used to cal-
culate the time evolution of particles is described in
Figure 1.

The computational time in PIC codes is propor-
tional to Np + Ng, where Ng is the number of grid
points. This linear scaling massively improves the
range of the number of particles that are treatable
by the simulations. Another great advantage is that
no major approximations are done, allowing ex-
tremely complex experimental set-ups to use these
type of simulations to try to explain various phe-
nomena.

1.3. Numerical simulations and experiments

The interplay between advanced numerical simu-
lations and experiments has led to an explosion in
experimental progress. Using parallel computing
allows to decrease the total simulation time. Still,
3D modeling of experiments is computationally in-
tensive as the code makes no physical approxi-
mations to the extent where quantum mechanical
and gravitational effects can be neglected (the dis-
cretization of the Maxwell’s equations is an approx-
imation, but a numerical one).

However, with the advent of large super-
computers, 3D modeling is now possible. The ex-
isting synergies between simulations and experi-
ments have led to major improvements of plasma-
based accelerators. Despite the tremendous suc-
cess, improving beam quality is still a major re-
search issue.
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Figure 1: Scheme of the Loop that advances both particles and fields. The index i refers to the particles and the index j to the
grid points.

Even though the acceleration per unit length of
an accelerated particle bunch is immensely im-
proved with regard to RF cavities, additional inter-
nal properties of the accelerated beams must also
be tightly controlled, as they are an essential as-
pect of the overall quality of the beam. The en-
ergy spread (which corresponds to the second mo-
mentum of the momentum distribution in the longi-
tudinal direction), efficiency (conversion of energy
from the laser to the bunch) and angular diver-
gence (angular dispersion of the bunch) are ex-
amples of beam phase-space quality parameters
that still need to be improved in experiments. The
plasma technology is still not on a par with the RF
cavities when it comes to these other parameters.

Since this improvement is necessary, optimiza-
tion is required to get a better output beam quality.
The number of free available parameters that can
be used to control these properties and improve
beam quality is very large.

A machine learning algorithm, based on genetic
algorithms, was incorporated in the PIC scheme.
The algorithm was developed in the PIC code
ZPIC. ZPIC is a free, open-source project (https:
//github.com/zambzamb/zpic), that is being de-
veloped at the group of lasers and plasmas (GoLP)
at IST.

anZPIC can run in a standard desktop or laptop
computer requiring only a C compiler to install. It is
a simple PIC code that incorporates all the essen-
tial features of the PIC algorithm, without having
advanced features. Because it is easy to read and
modify, ZPIC is the ideal tool to incorporate a ma-
chine learning algorithm. The final goal is to have
a machine learning controlled PIC simulation code.

1.4. Machine learning

Machine learning algorithms have been employed
in several fields, and its importance has been grow-
ing over the last few years. Several authors predict
[3] that it should be as common as numerical sim-
ulations in the future to come. Machine learning,
generally speaking, is the field that provides com-
puters the ability to learn without being explicitly
programmed.

Genetic algorithms (GA), which are standard op-
timization methods [4], mimic the process under
which the living beings give their characteristics to

their offspring. First several random ”subjects” (in-
put parameters) are created. Then, the inputs are
rated according to a fitness function (in our case, it
could be the simulations that yield the biggest elec-
tric field at the end).

From all the inputs only the fittest (parents) are
chosen to create the offspring for the next genera-
tion of inputs, which will be based on the parents.
The modifications include mutations (small random
change of the parents’ inputs) and crossovers (two
fit members of the population are used to form a
new one).

Genetic algorithms have already been tried in
the control of real plasma experiments [5]. To
change the wavefront of a laser, the voltages of
the piezoelectric actuators of a deformable mirror
were used as the set of unknown variables that
served as individuals of the population. This new
methodology allowed to control the energy gain of
a low energy electron beam (tens of keV) in a laser-
plasma accelerator by acting on the internal wave-
front structure of the laser. This is a very promising
experimental result. Numerical simulations con-
trolled by machine learning could significantly ex-
pand these results into novel territories, in higher
energy accelerators, or to enhance radiation gen-
eration. In addition, not all variables are known in
an experimental set-up, making it limited compared
with this approach - an experiment can in principle
measure the energy of the beam only at a deter-
mined location and at a definite time, whereas sim-
ulations can give insight over temporal and spa-
tial evolutions of the most important parameters.
In the particular experiment, the electron beams
were collected at a predetermined distance from
the laser focus. Therefore, it is likely that the score
obtained by a beam would change if the beam was
detected at a different spatial location.

2. Genetic algorithm controlled PIC simula-
tions

The initial parameters of a PIC simulation are de-
fined in a text file, commonly known as input-deck.
Usually, the input-deck is designed and written by
a user, who also launches the simulation in a com-
puter. The goal is to use machine learning to write
the input-decks automatically, optimizing any goal
chosen by the user, as shown in Figure 2.
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Figure 2: Flow chart of the general procedure

Before running the algorithm, one should pre-
pare two files, the text file, which was called the
initializer, with the initial values to be explored and
the input deck. These values can be initially cho-
sen randomly, as long as each set of points is valid
(the user can choose conditions for the validity).

2.1. Initial input to the genetic algorithm

The listing below shows a portion of the input deck
file where a laser is added to the simulation with its
starting point, a0 = 10 (normalized vector poten-
tial), ω0 = 10 (ωp) (laser frequency) and polariza-
tion constant (equal to π). The rise, flat and fall time
of the laser are to be determined - in the first gener-
ation those values will be selected by the user itself
(via the text file), and in posterior generations the
genetic algorithm will automatically determine the
best values for these variables in order to optimize
some property.

t e m f l a s e r l ase r = {
. s t a r t =10 ,
. r i s e = v a r i a b l e [ 0 ] ,
. f l a t = v a r i a b l e [ 1 ] ,
. f a l l = v a r i a b l e [ 2 ] ,
. a0 = 10 ,
. omega0 = 10 ,
. p o l a r i z a t i o n = M PI
} ;

s im add laser ( sim , &lase r ) ;

The initializer can be written with the help of
a simple python program. Each line consists of
the variables of each simulation, separated by
white-space. Every line of the initializer is read
and stored into the variable vector of the input
deck (the first column of the initializer matches
variable[0], and so on). The initializer can be
used to control every aspect of the simulations si-
multaneously. In this work, the search was re-

stricted to the physical parameters of the simula-
tion (e.g. laser dimensions, plasma profile) but also
the numerical aspects (e.g. resolution, box size,
etc.) could have been changed as well.

2.2. Genetic algorithm

At the end of the runs in each generation, the
goal is to take the parents (inputs from the simula-
tions that just ended) to create the children (inputs
that will be run afterwards). The best N MUTATIONS

(number of the parents that will effectively be used
to produce children) scores are selected. The re-
spective inputs are mutated, using the standard ex-
pression found in

new input = input (1+c0 × random())

+c1 × random(),
(2)

where random() is a function that returns a random
number between -1 and 1 and c0, c1 are rates of
change that are responsible for how different the
children and the parents are. Normally c0 is the
same for all variables and may change at runtime:
if the algorithm keeps finding a higher score then
it is good practice to let c0 grow so it converges
faster, but if the scores plateau one should de-
crease it so that a maximum is reached. The c1
variable serves the purpose of not letting a vari-
able be kept constant if the initial value is 0: as
seen in Equation 2, every time c1 is 0 and input is
0 the new input variable is 0 no matter the values
obtained by the random() function.

The number of times the same input param-
eters are mutated depends, of course, of the
n scan/N MUTATIONS ratio - if the best half simula-
tions serve as the parents for the next generation,
every set of inputs will give origin to two descen-
dants. There is also the possibility to reject the new
set of inputs and create a new one if they do not
obey certain criteria (a particle density above zero
would be an example of a mandatory condition).

All the metavariables of the algorithm, such as
the maximum number of generations, the number
of sets of inputs (individuals), the number of param-
eters for each individual and the rates of change,
are selected by the user.

2.3. Automatic PIC simulation analysis: Clustering
and k-means

One of the major goals of this work is to improve
the properties of the accelerated beam. Thus, the
first goal was to automatically isolate an acceler-
ated electron bunch from the background plasma
electrons.

The standard way to identify particles that be-
long to a beam is to detect the energies of the parti-
cles and select a threshold that is able to group the
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majority of the accelerated particle bunch. How-
ever, this method is ad hoc, as the threshold needs
to be selected manually so that the ’beam’ appears
to be a separate entity.

In PIC simulations, the momenta and positions
of each particle are accessible at all times. The
possibility of getting beam properties at runtime is
very helpful. In this case, running several simula-
tions at the same time requires an automatic way
to identify the beam. Because the 2D beam has a
specific spatial shape, a standard clustering tech-
nique was employed to classify particles as part of
the beam or not.

A clustering algorithm takes a set of objects and
divides them into groups (clusters). In this case,
one of such clusters would ideally represent the
beam. Specifically, the k-means clustering algo-
rithm was used.

This algorithm depends on the concept of dis-
tance. If xin refers to the n-th variable of object i
then the distance between points is calculated ac-
cording to:

dab =
∑
n

(x(a)n − x(b)n )2 . (3)

In the k-means algorithm, the number of clusters
is predetermined (k). From the whole set, k ob-
jects are chosen as centers of the clusters. These
centers can be selected randomly between the full
set of objects but if the distribution of the objects
is known this information may be used to speed
up the process. After choosing the centers for the
first iteration, the k-means loop involves three steps
(i) The distance between every non-centre point to
the centers is calculated, (ii) Each point is assigned
to the cluster whose centre is closer (smaller dis-
tance), (iii) New centers are calculated from the
mean of the points in the cluster in that iteration. If
after step (ii) the points keep the same assignment
as in the last iteration convergence is reached and
the algorithm stops.

In this work, the objects (particles) were identi-
fied by their position and kinetic energy. This is
easily understood as a beam in a two-dimensional
simulation normally has a defined position (Figure
3) and the particles of the beam have a higher en-
ergy than the background.

In these simulations, particle number can be of
the order of millions. Because the time until con-
vergence in clustering algorithms increases with
the number of objects, a threshold energy was se-
lected in order to reduce that number.

The results seem to be rather satisfactory - good
beam separation was obtained with both two (Fig-
ure 4a) and three (Figure 4b) clusters. The shape
of the beam seems rather defined using two clus-
ters (with an arrow shape). This is useful to de-
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Figure 3: Example of an accelerating structure after a laser
beam collides with a plasma. At x1 = 15(c/ω0) a small beam
is observed, separated from all other particles by an electron
free zone.

termine, for example, the number of electrons, the
electronic spatial configuration, the mean energy,
and other variables at runtime.

The clustering algorithm thus provides the re-
quired framework to explore 2D simulation results
automatically.

3. Application to 1D scenarios

The 1D version of takes a four-dimensional phase
space into consideration (one spatial dimension
and three momenta). The genetic algorithm was
first applied to this subset of problems as the
runtime is smaller than that of extra spatial di-
mensions, and because it allows to benchmark
against conditions where the optimal configuration
is known theoretically. A number of configurations
was explored with the goal of improving the outputs
of a laser wakefield accelerator in 1D.

3.1. Using machine learning to recover known opti-
mizations

In order to check if the genetic algorithm can be
successfully applied to PIC simulations, a simple
benchmarking test was conducted. With a flat en-
velope, the length of the laser that optimizes the
maximum longitudinal electric field is λ/2, where λ
is the plasma wavelength [2].

The genetic algorithm was run with 20 subjects,
5 of which were selected to mutate. A laser with
a0 = 0.05, ω0 = 10 (ωp) and variable length was
put initialized in vacuum and propagated towards
a plasma. The plasma density was constant. The
fitness score of each simulation was the highest
electric field in the grid.

In Figure 5 the results for the genetic algorithm
are shown. The algorithm converges to a solution
which is very similar to the theoretical prediction of

4



x1 (c/
p )

64
66

68
70

72
74

76
78

x2(c
/ o)

0
10

20
30

40
50

E k
(m

ec
2 )

0
5
10
15
20
25
30

No Beam
Beam

(a) Two clusters

x1 (c/
p )

64
66

68
70

72
74

76
78

x2(c
/ o)

0
10

20
30

40
50

E k
(m

ec
2 )

0
5
10
15
20
25
30

No Beam
Semi-beam
Beam

(b) Three clusters
Figure 4: Example of the k-means clustering algorithm applied to particles in a two-dimensional PIC simulation. The particles
were identified by their position (x and y axis) and kinetic energy (z axis).
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Figure 5: Evolution of the flat time of the laser. Upper and lower
bound of the blue region represent the maximum and minimum
value of tflat in each generation. Mean value in the generation
in dark blue. In dashed red the value for π is shown.

λ/2 = π (0.9% deviation) but still deviated. How-
ever, when the exact value was tried the result was
slightly worse than the one found by the algorithm
which shows that the algorithm is finding the maxi-
mum, the numerical aspects such as the resolution
are responsible for the aforementioned deviation.

4. Enhancing beam quality

Since the algorithm is able to retrieve known results
in a simple configuration, the next step was moving
into a more complex configuration where there is
no analytical solution. The goal was to increase
beam quality.

A definition of beam quality depends strongly on
the specific application for the beam. There are
however a few features that are desirable across
different applications. Beams with low energy
spreads σE , with high energy, and high number
of particles are usually sought in any application
(e.g. in HEP, radiation emission, etc.). A measure

of beam quality Q is defined as:

Q =
njĒ

σE + σmin
, (4)

where n is the number of particles, Ē is the mean
energy and σE is the standard deviation of the en-
ergy, with all variables calculated in the beam. The
variable σmin is an auxiliary parameter whose pur-
pose is to take importance from the σE variable.
The motivation behind j is to try to get to higher
energies even with a lower number of particles if
j < 1.

In order to perform the optimization a number of
initial parameters from the laser (chirp and longitu-
dinal profile) and from the plasma (density profile).
These parameters are thoroughly described below.

4.1. Optimization parameters

4.1.1 Density ramp

The electron density profile is extremely important
for LWFA. The electric field generated by the wake
is dependent on the local electron density [2]. Be-
cause it is hard, experimentally, to have a control of
the density at every point along the laser trajectory,
a simple ramp was implemented (with the free vari-
ables being the length of the ramp and densities at
the start and end point).

4.1.2 Chirp

The frequency of the laser can be changed as a
function of time. In this code, a simple chirping fac-
tor was introduced as shown in Equation (5). The
number n can be selected in the input deck.

ω(t) = ω0 + tα1 + t2α2 + ...tnαn (5)

4.1.3 Laser longitudinal profile

In order to be able to change the profile, the user
is allowed to select the number of points for the in-
terpolation, the intensity in each one and the total
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length of the pulse. Two interpolation methods can
be chosen, a simple line interpolation or a cubic
spline. This forces the electric field to be continu-
ous, which is a mandatory condition for an electric
pulse in a vacuum.

4.2. Results from machine learning optimization with
1D PIC code

The output variables of the algorithm should only
take into account particles that are part of the final
accelerated electron bunch. Particles were consid-
ered accelerated when their energy was above a
certain threshold Et. The threshold has to be cho-
sen by the user.

4.3. Simulation parameters

In order to study LWFA, the laser beam was placed
before the plasma itself (Figure 6). The simulations
were run with a moving window: the finite differ-
ence models can be run using a moving simulation
window that moves at the speed of light. This al-
lows the simulation to follow the relevant phenom-
ena in display here: relativistic electron beams and
laser pulses. This does not mean that the phase
space variables are calculated in a frame moving at
c: these values are still calculated in the lab frame,
but this allows for a smaller box and thus a smaller
computational time.

The laser beam is in 1D so only plane waves can
be placed inside the simulation domain. The total
length of the laser was limited to 9 c/ωp and 20
points (18 of them free) were used to characterize
the longitudinal profile.

If the laser energy density El is defined as

El = dx
∑
i

E[i]2 +B[i]2, (6)

where E[i] (B[i]) represents the electric (mag-
netic field) in the cell i and dx the grid size then
the laser energy was constant and equal to 50
(mec

2e)2/(ωp/me)
2.

The number of particles per cell was 128 (stan-
dard) and the number of cells was chosen such
that a single laser oscillation could always be re-
solved with 20-30 cells: as the laser initial fre-
quency was ω0 = 2ωp and the frequency varied
with ω = ω0 + α(x− xstart) (chirp) if the frequency
at the back of the laser (x = xstart − 9) was over
2.4 the α parameter was deemed invalid.

The ramp final density as well as the length of
the ramp were also free. Every generation had 200
individuals and the algorithm was run for 400 gen-
erations. In each simulation the Q-factor was cal-
culated at each time step and the largest value for
instant Q was the score attributed to the simulation.

In this run of the code the free parameters from
Equation (4) were chosen to be j = 1/2 and

σmin = 0.10.

The machine learning algorithm was run to op-
timize the laser wakefield accelerator simulation.
The selected threshold energy was Et = 4mec

2.

Among all individuals in the generation, the one
with the best Q was selected, and the results are
shown in Figure 7. The increase in Q was about
45% from the first (945) to the last (1370) genera-
tion, which shows the effectiveness of the genetic
algorithm in this setup.

The first 40 generations were enough to see a
great improvement in the Q-factor. From the three
main parameters of the beam, two of the three
were improved. The relative energy spread de-
creased from 2 to 1.2 % at the same time the mean
energy of the beam went up from 4.2 to 5 mec

2.
The number of particles went down from 1900 to
1650. However, having the parameter j = 1/2
means that the score due to the number of par-
ticles only went down by (1650/1900)1/3 = 0.932,
which is much smaller than the improvement in the
mean energy and energy spread. After 40 gener-
ations some oscillations are observed in all three
parameters. This means that little changes in the
inputs of the simulation lead to large changes in the
parameters themselves, but these changes do not
seriously affect the Q-parameter as it is defined.

The chirp factor went up consistently across gen-
erations, which shows it is a very important factor
to consider, as variations of the chirp may influence
greatly the final electron beam. Considering the
plasma density profile, both the final density of the
ramp and the end position appear to have little sig-
nificance to the end result - high Q-factors were
obtained with end positions from 60 to 75 and with
final densities from 0.75 to 0.95.

The longitudinal profile of the laser started as a
straight line and changed to a laser with a higher
peak electric field (Figure 9). As the generations
progressed, it became apparent that the internal
laser structure (chirp and laser longitudinal profile)
is the most important factor to consider when opti-
mizing Q.

5. The role of the internal laser structure in 2D

In chapter 3, a 1D PIC code was used to predict the
best conditions for LWFA under certain restrictions.
However, as already stated, there are phenomena,
such as the formation of a bubble, which cannot
happen in a 1D spatial code but are essential to
the acceleration mechanics.

To have results that can more consistently match
those captured by experimental setups, the original
2D ZPIC code was also restructured and a genetic
algorithm was made available.
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5.1. High Repetition Laser

Most LWFA experiments work with high powered
lasers (1 Joule @ 100 TW) and have a repetition
rate below 1 Hz. Many studies have been con-
ducted on LWFA with higher repetition rates (kHz)
with smaller laser energies (≈ 1mJ) because of the
several advantages it conveys over the 1-J class -
(i) larger mean electron current, (ii) higher level of
stability, (iii) easier optimization via feedback con-
trol and (iv) fast averaging to increase the signal-
to-noise ratio [6].

Some recent results [7] suggest that the tailor-
ing of the wavefront could potentially be used to
change the final electron beam properties.

5.2. Wavefront Shaping: The Zernike polynomials

The additional degree of freedom of 2D simula-
tions brings a new range of possibilities that can
be varied in the laser. In 2D, the laser pulse does
not need to be a plane wave. Instead, the phase
of the laser can have complex spatiotemporal pro-
files that can change the dynamics of the laser
in the plasma. The basis of the optimization in
2D runs was the shaping of the wavefront. The
Zernike polynomials are the standard way to de-
scribe wavefront shaping, as they represent a se-
quence of orthogonal functions in the unit circle.
The Zernike polynomials are defined in 3D. Be-

cause in 2D there is only one transverse direction,
the orthogonality condition is not verified, which
takes away the biggest advantage of these poly-
nomials. Thus, the final laser expression is given
by equation

E(r, z) = E0x
ω0

ω(z)
exp

(
−r2

ω(z)2

)
exp

(
−i

(
kz + l

r2

2R(z)
− φ(z) +

2π

λ

k∑
n=0

anρ
n

))
,

(7)

where the an coefficients were added to the gen-
eral gaussian phase expression.

5.3. Enhancing the acceleration efficiency

In a laser-plasma acceleration, energy flows from
the laser to the plasma, and from the plasma to the
accelerated beam. A key feature associated with
the process is the energy conversion efficiency:
from the laser to the accelerated particle beam. To
estimate the efficiency of the acceleration, the to-
tal energy of each beam is calculated and the laser
energy is kept constant for all simulations.

In the 1D case, plane waves were used, which
means that there is no focusing or defocusing of
the laser. For the 2D simulations, a focus has to
be selected for the laser. In experiments [5, 7] nor-
mally a gas is ionized by the laser in the first place,
creating ion-electron pairs (plasma) and only then
LWFA takes place. In ZPIC however, the set-up is
similar to the one described in Figure 6.

5.3.1 Energy efficiency

The energy range 20 to mec
2 was selected, with

200 individuals per generation, the best 50 being
mutated. The free variables were only associated
with the Zernike polynomials The focus of both
lasers was fixed at x=0 (before the plasma started
at x=22.5 (c/ω0)). The improvement of npar was of
the order of 20% in relation to a Gaussian beam.
However, if it is taken into account that the iteration
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at which both maximums were attained was differ-
ent and the energy profile of electrons is plotted
in the iteration where the optimized beam has its
maximum, the simulations yield the profile in Figure
11. The reason for this comparison is to replicate
what was done in experiments before (the detector
is in a fixed spatial position).

These results are very promising, as the im-
provement in that range is of the order of 100%. It
is seen that the optimized beam not only surpasses
the Gaussian beam at the desired range but it is
also better for the whole energy range of 12 to 30
mec

2. This reveals that the wave front may be used
as an independent variable to control the energy of
the electron beam. The major difference between
beams is the position of the maximum density of
particles in energy, which is slightly higher in the
Gaussian beam. The electric fields of both lasers
can be found in Figures 12a and 12b.

5.3.2 Decreasing the acceleration distance

As explained in subsection 1.1, plasma acceler-
ators could improve significantly the acceleration
length when compared to conventional accelera-
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Figure 10: Evolution of the number of particles in the 20 to
25 mec2 range (npar) during the simulation. Upper and lower
bound of the coloured region in black represent the maximum
and minimum value of npar in each generation. Mean value in
the generation in dark blue. The value for a Gaussian beam is
shown in dashed red.
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Figure 11: Electron energy profile for Gaussian (green) and op-
timized (blue) beams. The profile was done for iteration 3502,
where the optimized beam had the maximum number of parti-
cles in the energy range. The energy range is represented by
the two vertical lines.
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(b) Optimized laser
Figure 12: Transverse electric field at the initial time. At the left the perfectly Gaussian laser. At the right the optimized laser with
4 Zernike polynomials.
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Figure 13: First iteration at which the sum of the energies of
particles with E > 15mec2 is bigger than 20000 mec2. The up-
per and lower bound of the coloured region represent the max-
imum and minimum values inside the generation. The mean
inside the generation is shown in dark blue. The value for a
Gaussian beam is shown in dashed red.

tors. This is calculated from the maximum elec-
tric fields a plasma can hold. However, the internal
structure of the laser driver could be a new degree
of freedom to further reduce the acceleration dis-
tance. In order to explore this possibility, the score
of a simulation now corresponds to the the first iter-
ation at which the beam has a certain total energy
from all the particles whose energy exceeds Et.

In this case the variable Et = 15mec
2 was se-

lected and the total energy was 20000 mec
2. This

ensures that the number of particles considered for
the total energy is statistically significant. The re-
sults and comparison with the Gaussian beam are
in Figure 13.

The improvement shown in Figure 13 is evident
- the acceleration time (and therefore, distance)
is reduced by just over 10% (11%) in comparison
with the Gaussian beam. The red line represents
the Gaussian phase whose global phase was op-
timized via the same algorithm, which makes the
result more meaningful. It is not clear that this pro-
cedure was followed in [5]. Even though the op-
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Figure 14: Transverse electric field of the Gaussian laser with
6 Zernike polynomials at t = 0.
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Figure 15: Transverse electric field of the optimized laser with
6 Zernike polynomials at t = 0.

timization value is not impressive, saving 10% in
plasma length purely by adjusting the wave front
may reduce costs in that same magnitude, increas-
ing even further the gap between plasma and con-
ventional accelerators. The optimized (Gaussian)
laser pulse is shown in Figure 15(Figure 14).

5.4. Enhancing the radiation emission

The energy radiated by a particle is, for p‖ � p⊥,
given by [8]:

Erad ∝ p2⊥γ, (8)
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Figure 16: Estimated cumulative radiation originated from par-
ticles with energy E > 15mec2.The upper and lower bound of
the coloured region represent the maximum and minimum val-
ues inside the generation. The mean inside the generation is
shown in dark blue.

where γ is the Lorentz factor and p⊥ is the trans-
verse momentum. This is just an estimate of the
radiated power. No actual radiation is being calcu-
lated explicitly To perform the optimization in this
variable the cumulative radiation across a certain
time frame should be calculated. The peak radia-
tion, albeit relevant, is not measured by a detector,
where only a time-averaged intensity is stored.

In this case, in order to compare beams, the
best way should be to select an energetic thresh-
old. To have a clustering of the beam could mean
that some variation of the number of particles could
take place and account for the majority of the dis-
crepancy between beams. In this particular exam-
ple the threshold was selected at Et = 15mec

2

and the radiation was integrated from t = 0 to
t = 900(1/ωp). If Et = 0 the contribution of the
particles of the background becomes too large and
does not allow for much relative difference between
lasers (less than 5%). The results of the optimiza-
tion are presented in Figure 16.

The gain in radiation from a Gaussian beam is
around 30%. This shows that the amount of radi-
ation produced is highly dependent on the internal
structure of the beam. However, it is possible to
note some differences looking at the electric fields
at starting time (Figure 14 for the Gaussian pulse
and Figure 17 for the optimized laser). The first
discrepancy is the overall global phase, that brings
the maximum of the electric field forward. The op-
timized beam also appears to have a slight curva-
ture coming primarily from the r2n polynomials.

6. Conclusions

The main conclusion in this work is that genetic al-
gorithms can be used to improve the electron beam
quality in the lab, not only to try to make the beam
distortion-free but to actively try to distort it in a
specific way to optimize several quantities.
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Figure 17: Transverse electric field of the optimized laser with
6 Zernike polynomials at t = 0.

The best score for energy efficiency, accelera-
tion distance and radiation production was always
originated from laser pulses which were not per-
fectly Gaussian, which can open a new research
area. In particular, the number of electrons in a
determined energy range was increased by 20%
when comparing the best score for both the op-
timized and gaussian beam. If the comparison
is done for the exact iteration where the opti-
mized beam obtain the highest number of parti-
cles in that range, the difference reaches 100%.
When minimizing the acceleration distance, chang-
ing the laser wave front allowed for a 10% reduc-
tion, something that no experimental set up has
measured so far. The radiation expected from the
electron beam was increased by 30% when com-
paring to a gaussian pulse.

Other cases where it is expected that changes in
the wave front may produce measurable improve-
ments in the final electron beam include: trans-
verse emittance, electron angular profile, electron
spatial profile, and point (~r, t) to inject electrons
with determined momentum. All these should be
the subject of future work.
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