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Abstract – This paper describes the usage of genetic
programming method for source code generation with mo-
tivation to solve NP-hard problems. Described approach
may be used in a wide range of modern applications, whose
working principle allows to apply optimization techniques.
Proposed method was used to find a potential solution
for achieving maximal score while playing a computer
game called “Robocode tanks”. The main principle of
the experiment is based on applying classical evolution
approaches on the selected problem in order to implement
adaptive machine learning technique. During the training
process of presented approach convergence starts and
after several cycles of evolution, created tank achieved
significantly better final score compared to using a classic
programming approach.

1 Introduction

The modern world changes extremely fast and its progress
is possible to describe by an exponential evolution
curve [1]. It means that every second, every minute and ev-
ery day, humankind is facing new inventions bringing our
development process towards a brighter future, changing
the perspective of the world understanding and making our
being more comprehensive and balanced. Sometimes there
appear new ground-breaking algorithms and approaches,
which allow solving routine problems and tasks in a more
efficient way.

However, there exist problems, whose optimal solutions
are exceedingly hard to find [2]. In other words, while
applying a classical approaches to solve such a problem,
the required amount of resources is extremely large and
not acceptable by today’s hardware or software limits. The
complexity of these problems is possible to describe as
an exponential or even factorial function, which reflects
a correlation between the size of the input and the num-
ber of steps required to solve an instance of the prob-
lem [1]. In computational complexity theory, the pre-
viously mentioned problems, depending on their time or
space complexity, are classified into several complexity
classes, e.g. NP, NPC and NP-hard. The hardest ones are
solved in exponential time using deterministic Turing ma-
chine [1]. It means that in a case of the relatively small
input size, the process of finding an optimal solution would

take decades or centuries. Special algorithms called ap-
proximation algorithms can be used for these cases. They
work in a polynomial time and allow to find a well approx-
imating, i.e suboptimal solution for hard, i.e. exponential
time, problems [3]. Evolutionary algorithms, that are
a part of the artificial intelligence, are commonly used for
finding previously mentioned suboptimal solutions [2].

Genetic programming is a widely known optimization
technique inspired by Charles Darwin’s theory of evolu-
tion [1, 2, 4]. This technique together with genetic algo-
rithms, evolution strategies and neuroevolution belong to
evolution algorithms [1]. It is possible to describe the entire
concept of evolution algorithms using Charles Darwin’s fa-
mous quote: “It is not the strongest of the species that sur-
vives, nor the most intelligent, but the one most responsive
to change” [5]. In other words, the line above describes the
classic evolution process, i.e. natural selection, where only
an individual with better set of characteristics has better
chances for survival [4, 6].

The optimization technique is processed iteratively and
during its execution, there exist a set of possible solutions,
which are analysed during the same period of time [1, 7].
As a result, this condition helps to find the solution, which
is as close as possible to the optimal one [1]. The whole
set of analysed solutions is called a population P and it
includes a fixed number of individuals xi during one step
of the evolution process:

P = {x1, x2, x3, x4, . . . , xn}.

The set of operations is defined over the population and
it includes mechanisms allowing realisation of biological
evolution, e.g. selection s, mutation m, reproduction d and
crossover c:

EA = (P, s,m, d, c, f ).

Furthermore, there exists a fitness function f, which
specifies how close the given solution is to the optimal one.
The function f is the basis of evolutionary computing al-
gorithms, because it allows to predict the success factor
of each individual in the population without knowing its
low-level implementation details [9]. The effectiveness of
evolution process will be ultimately minimized in case the
fitness function is not implemented properly [1, 8, 9].

Each individual xi in the population is called a chro-
mosome. It includes a set of parameters called genes [6].
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They define its unique properties that means it is pos-
sible to define a mapping function, which maps chromo-
some’s parameters to the problem solving parameters and
this mapping is strictly defined before the evolution pro-
cess starts. While processing one iteration of the evolu-
tion, chromosomes are mutated, selected, recombined and
crossovered with each other [6]. Individuals with better
parameters are chosen and brought to the next genera-
tion at the end of each iteration. It provides guaranteed
information distribution between nearby populations, i.e.
knowledge extracted from previous generation influences
the new solutions in next generation [1, 6, 8].

For a better understanding of the discussed topic, the
high-level description of a classic genetic technique is pre-
sented below in pseudocode [1]:

begin
P ← initialize a default population;
n← initialize a population size;
f ← initialize a fitness function;
while suboptimal solution not found do

X(u,v) ← SelectPair(P);
X ′ ← Crossover(X);
P ′ ← P ∪X ′;
P ′′ ← Mutate(P ′);
f ← Fitness(P ′′);
P ← SelectFittest(P ′′, n);

end
end

Previously mentioned techniques may be successfully ap-
plied on a wide range of NP-hard problems, whose final
solutions are not possible to find in acceptable time O(n)
using linear or deterministic programming methods. The
reason is that problems have a lot of possible solutions
and there does not exist or is unknown any straightfor-
ward method which narrows problem’s solution space in-
cluding only the most promising ones. Today, genetic al-
gorithms are highly used in solving problems such as data
mining, process planning, machine learning, artificial in-
telligent and combinatorial optimization. [1]

2 Experiment

The experiment was focused on applying and compar-
ing both genetic algorithms and genetic programming for
source code generation with the goal to achieve the highest
possible score while playing Robocode tanks [10]. Com-
pared approaches are capable of finding a suboptimal so-
lution in polynomial time. Both techniques have similar
way of realizing the high-level principle of the evolution,
but the main difference is in data structures that are used
to encode the information in each chromosome. As it was
mentioned in the Section 1, there exists a special mapping
function, which defines chromosome’s information about
solution and chromosome’s data structures to represent

a possible solution. Every chromosome stores its infor-
mation about solution using a list (vector) data structure
in the case of genetic algorithms [8]. Genetic program-
ming uses a tree based data structure at the core of each
chromosome thus it achieves stronger expressive power
and it allows to shape more complicated tank’s behaviour.
Nevertheless, the genetic algorithm approach was also im-
plemented and tested to show all advantages and disad-
vantages described techniques (score comparison of both
techniques is in Fig. 4 in the Section 3). It leads to a bet-
ter understanding of both techniques that are viable and
their usage makes sense in the specific cases.

2.1 Genetic programming

Genetic programming approach was chosen as a more per-
spective way for source code generation, because of its ef-
fectiveness and expressive power. This approach can be
principally used for creating computer programs, which
are directly encoded in artificial chromosomes, i.e. genetic
programming creates other computer programs, which are
able to solve a predefined problem [11]. Each program en-
coded in chromosomes is executed and evaluated by fitness
function f during the evolution. It is important to note,
that the genetic programming approach is based on the
previously described evolution principles, and thousands
of chromosomes are progressively evolved during the algo-
rithm’s execution [11]. The evolution process starts with
creating an initial population containing randomly gen-
erated or manually adjusted chromosome’s skeletons [11].
The fittest chromosome according to fitness function rep-
resents an artificially generated program, which transforms
input parameters to the required output in the most effec-
tive way among other chromosomes in the population.

Tree based data structure used in genetic programming
significantly influences the success factor of the evolution
process, but unfortunately increases complexity to com-
pute possible solutions [1, 11]. The tree is generally char-
acterized in graph theory as an undirected connected graph
without cycle1. There are plenty different types of trees in
mathematics, but in the case of genetic programming, the
direct rooted trees are mainly used. In rooted trees exists
a vertex called a root, which has no parent and all its edges
point away. The existence of a tree root allows easy tree
traversal, which is equivalent to the execution of chromo-
some’s encoded program with the motivation to apply its
encoded solution to the problem and evaluate it.

Following the definition of genetic programming [11],
chromosome’s tree is formed by two different types of nodes
(terminal, function), which are appropriate for the prob-
lem domain. The first type of node is called a terminal
and it does not have any outgoing edge. For example, pro-
gram which represents a mathematical equation – the set
of terminals may include number constants and unknown
input parameters: T = {7, 15, 13, π, x, y} [1].

1Equivalently, tree structures may be described as an undirected
and acyclic connected graph.
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The second type of node is called a function and
it contains at least one incoming and one outgoing
edge. Applying to the previously described exam-
ple, the set of functions may contain a various num-
ber of arithmetic operations and mathematical functions:
F = {+,−, ∗,÷, sin, cos,mod} [1]. Furthermore, there ex-
ist additional requirements, which should be met during
designing of a tree structure:

1. The root may be either the function or the terminal.

2. The terminal node does not have any children.

3. Every leaf is the terminal node.

4. The function may contain both types of nodes.

The way of source code representation introduced above
allows to deal with more complicated problems and pro-
vides mechanisms to create the fittest computer programs.
The disadvantage comes with using general data struc-
tures which are linked to the complexity of the chromo-
some’s models undergoing adaptation [11]. In particular,
their varying hierarchical structures could take different
sizes and shapes, which may negatively influence the total
complexity of the algorithm2. More detailed information
about the genetic programming approach is available in
sources [1, 11].

2.2 Robocode game

Robocode tanks is a computer game, which is sim-
ilar to the classic and widely known game “Tanks”.
The story of Robocode begins in late 2000, when the
game was presented by an experienced programmer –
Matthew A. Nelson. The main purpose of the game was
to teach young programmers how to write a code in Java
language, understand its programming principles and at
the same time do it in a fun and easy way. The Robocode
game has become very popular and today it has a big com-
munity of developers and players. Since then, there have
been many different features released, which have improved
the game experience and allowed to use it even for scien-
tific purposes especially for applying different artificial in-
telligence approaches and comparing theirs effectiveness to
humans.

The game contains a battlefield with several tanks that
fight each other and fight continues until one of the tanks
lefts. The main difference between the games is that
Robocode game provides indirect tank control. It means
that nobody is able to control his own robot in real time.
Instead of that, the user should come up with a tank’s be-
haviour and code it using a Java language. After writing
an artificially intelligent robot, the user may compile it and
let him out in the battlefield to achieve the best score.

The tank’s life cycle includes four main stages: pro-
gramming the tank, code compilation, battle and death.

2For the successful algorithm execution it is important to provide
operations, which allow to run tree traversal, to search concrete node,
to copy required subtree etc.

Before being tested genetic programming approach on
a real battle, each tank should meet certain requirements.
The tank should inherit from a parent Robot class. Ex-
tending the parent class obligates a programmer to over-
ride all necessary functions in order to be compiled and
accepted by a game engine. Next requirement comes from
Java language that defines certain syntax rules, variables
declaration, function’s syntax, arguments, visibility, etc.

Every tank in the Robocode game has a precisely defined
structure. Its class should contain the main run() function
and may override different types of listener functions, such
as onHitRobot(), onHitWall(), onScannedRobot(), etc.
The run() function is profoundly important, because it
defines tank’s primary behaviour, when none of existing
listeners catches any traceable event. A set of listeners
inside a tank’s class represents actions, which may occur
while the game playing. For example an event, when the
tank has scanned an enemy unit or has hit a wall.

2.3 Applying proposed method on the problem

While designing the genetic programming application it
is important to follow the previously described tank struc-
ture. During the first steps of the application development
all significant listeners and the run() function were de-
fined as separate Java classes, which inherit from a gen-
eralized Listener class. This approach allows to simplify
every listener, avoid code duplicity and defines polymor-
phic functions, i.e. addSupportedEvents() function and
getEventType() function. The high-level example of the
chromosome tank representation in the population is pre-
sented in the Figure 1.

It is important to understand that at the beginning of
the tank designing it is necessary to generate a whole tank’s
Java class skeleton in a text (string) form. A syntax of the
created tank’s model and its logic is checked after the code
generation step. If there is no mistake, the robot’s class is
prepared for the compilation. Overriding of toString()
method is used for this purpose supposing of return the
logically and syntactically correct textual representation of
the function. This function should have polymorphic fea-
tures, because of different Java structures should be writ-
ten in a different form, i.e function definition, for, while
cycle, if condition, etc.
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Figure 1: A chromosome representation in the population.
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Each chromosome xi in a population is stored in
a PriorityQueue data structure, which is based on a pri-
ority heap. Tanks are automatically compared and sorted
by its fitness value in descent order. Every chromosome
xi contains a list of listeners, where each one has its own
type of the triggered event ei. The main run() function is
placed at the end of the list.

Each listener within chromosome should contain its own
behavioural rooted tree in the case of the Robocode game.
The code structure and logic of the tank does not allow
to generate one big tree, which contains all listeners and
carries out complete information about all events. Fur-
thermore, all listeners contain common inherited events,
some of them define specific ones, which are not compati-
ble with others. Individual trees are shown in the Figure 1.
All trees are horizontally and vertically limited because of
a good practice to fix tree’s dimensions. The reason is
that during initialization and mutation steps, individual
sub trees are generated fully randomly. It can caused an
enormously huge tree, which negatively affects both the
training process and the efficiency of the tank actions.

Each tree contains a set of terminals and a set of
functions, which are hierarchically arranged based on the
rules described in the Section 2.1. The set of terminals
includes possible tank actions, for example ahead(),
back(), fire(), turnGunLeft(), turnRight(), etc. The
set of functions consists of different events, which may oc-
cur in the tank’s listeners. Typical examples of tree’s func-
tions are e.getVelocity(), e.getTime(), e.getPower(),
e.getDistance(), etc. It is important to point out the
reason why tracing event attributes is pertinent. The
advantage of processing them helps to design more so-
phisticated and intelligent tank behaviour using logical
if conditions. For example, the tank can analyse its
health, power and damages or the tank can make deci-
sions based on direction and distance to the enemies, i.e.
it allows the tank to adjust its behaviour according to en-
vironmental changes.

The events (functions) should be as common regard-
less of listener type as specific for individual listeners.
Actions (terminals) have their distinguishing input argu-
ments or do not have any argument at all – for example
an action doNothing(). Moreover, some of the terminals
accept only a specific range of input values. Two described
complications have reflected the design of the genetic pro-
gramming application, where both events and actions are
defined as separate Java classes. Each class contains in-
formation about defined limits, acceptable type of variable
and polymorphic functions.

Every chromosome xi has methods to clone itself,
mutate its skeleton and the set of operations in-
cludes compareTo() and toString() functions. The
first one provides a way how to compare3 chromosomes
for storing them in PriorityQueue. The toString()
method allows easily and independently on its low-level

3The value used for the comparative purposes is given by an im-
plemented fitness function.

implementation details to get a string representation of
the robot class before the compilation process starts. The
method works in a simple way – there exists a single loop
over a list of robot’s listeners. Each listener also con-
tains polymorphic toString()method which is recursively
called over nodes in a single tree.

The function mutate() is responsible for providing mu-
tation operation. The function is implemented within
a Chromosome class. A principle of the mutation process is
shown in the Figure 2.

Tank Chromosome Xi

onScannedRobot(Event e){

if(e.getEnergy()>30){

if(e.getDistance()>50){

ahead(100);

ahead(100); fire(3);

Robot's listeners

Tree root

Terminal

Mutated 

function

Before mutation: After mutation:

Tank Chromosome Xi

onScannedRobot(Event e){

if(e.getBearing()>30){

if(e.getDistance()>50){

ahead(100);

fire(2);

turnLeft(20); fire(1);

if(e.getEnergy()>53){
Terminal

Figure 2: An example of the tank mutation process.

The chromosome xi is randomly chosen from the pop-
ulation at the beginning of the mutation process. Next,
one of the chromosome’s listeners is selected. Referring to
the previously mentioned examples, each listener contains
a tree which includes distinctive terminals and functions.
The mutate() function operates inside the listener’s tree
and randomly chooses either terminal or function node.
According to the presented example (Figure 2), a function
node containing the event e.getEnergy() is selected for
the following mutation process. Next, the selected indi-
vidual will be removed and replaced by a newly generated
node or even a subtree (see Figure 2, the step after muta-
tion). The mutated chromosome is returned to the popu-
lation at the end of the mutation process and the evolution
cycle continues.

The Population class contains two functions which are
important in genetic programming – crossover() and
fitness() function. The crossover() function is used
to interbreed two different chromosomes, i.e. robots inside
one population. The crossover process implemented in the
application is presented in the Figure 3. The crossover op-
eration is fundamentally important for the successful evo-
lution process – it allows to transfer a knowledge (genes)
between two individuals (xi and xj chromosomes), thereby
affecting their future behaviour. It is important to no-
tice, that the crossover operation makes sense only between
two similar tank’s listeners for providing event agreement.
The crossover happens between the function node in the xi
chromosome and the terminal node in the xj chromosome
in the presented situation. The crossover operation may
be finished in a destructive way in some situations – two
pretty successful individuals crossover their trained sub-
trees that causes destroying of their success. The question
is, how to choose two chromosomes in a smart way to min-
imize the probability of a negative impact on each other.

VOL.21, NO.1, FEBRUARY 2019

24



Tank Chromosome Xi

onScannedRobot(Event e){

if(e.getEnergy()>30){

if(e.getDistance()>50){

ahead(100);

ahead(100); fire(3);

Tank Chromosome Xj

onScannedRobot(Event e){

turnRight(20); fire(3);

if(e.getBearing()<180){

Robot's listeners

Tree root

Terminal

Function

Tank Chromosome Xi

onScannedRobot(Event e){

if(e.getEnergy()>30){

if(e.getDistance()>50){

ahead(100);

ahead(100); fire(3);

Tank Chromosome Xj

onScannedRobot(Event e){

turnRight(20); fire(3);

if(e.getBearing()<180){

Crossover

Before crossover:

After crossover:

Figure 3: An example of the crossover process between two
tanks.

The solution applied to the proposed method consists of
choosing only the fittest tanks for the crossover.

In conclusion, in order to evaluate Robocode tanks clev-
erness the FitnessFunction class was implemented. The
fitness() function returns an estimated real number re-
flecting robot’s success factor (see the Section 1). The men-
tioned function is based on existing score mechanism di-
rectly provided by the Robocode game. Every tank gets its
final score at the end of the battle, which directly reflects
the tank’s performance. Each tank gets positive or nega-
tive points depending on the number of victims, robot’s re-
maining energy, health, damage done, etc. The final score
is tank’s attribute, which is next normalized regarding the
population size and the number of accomplished battles.
The result of the fitness() function is assigned to the
chromosome and it is used for the following sorting in the
population’s PriorityQueue.

3 Results and Discussion

This part clears up the tuning and testing processes during
developing of the proposed genetic programming applica-
tion with the motivation to achieve a better result and
make the evolution process more efficient. In order to pro-
vide better understanding of the applied genetic principle,
the source code of the artificially generated tank is pre-
sented (see the Section 3.3). After that the focus is moved
on the direct comparison between genetic algorithms and
genetic programming (see Figure 4 in the Section 3.3). Fi-
nally, there is a comparison between the proposed genetic
programming approach and the code written by a human
(see Figure 5 in the Section 3.3).

3.1 Evolution process

During the execution of the genetic algorithm many steps
are done randomly, so it is important to tune its param-
eters and optimize evolution process before the training

starts [12, 13]. It means to set up the size of the popula-
tion, to choose the amount of tanks for mutating, crossing,
dropping, etc. Each tuned attribute may strongly influence
the population’s convergence. The most effective parame-
ters, which were ascertained during testing and rerunning
the algorithm were summarized into following points:

1. Each battle contains three rounds.

2. There are four tanks during one round.

3. The population of tanks contains 16 chromosomes.

4. Two best chromosomes (x1 and x2) automatically sur-
vive and are taken to the next evolution cycle.

5. Next four chromosomes randomly choose either x1 or
x2 tanks and do the crossover operation with them.

6. Next two chromosomes are mutated.

7. Next two ones are crossovered between each other.

8. Other six tanks are removed and new tanks are gen-
erated to fit the population size.

3.2 Problems and complications

The first problem was related to the time required for sim-
ulating all robots inside one population. It was highly
complicated to define the number of tanks during one bat-
tle and the number of rounds. In the case every tank fights
with all others and the population size is relatively small,
there was only one round and the time required for one
evolution cycle exceeded 10 minutes. Finally, the popu-
lation was divided into groups containing four robots and
each battle includes three rounds. The amount of time has
reduced to 80 seconds.

The second complication contributed to appearing the
deviations during the evolution process. The reason was
the general fitness function did not reflect a random po-
sition of the tank before every battle. It negatively influ-
enced and complicated the final score computations. For
example, a relatively good tank may appear surrounded
by opponents that killed it in the moment independently
on its source code. For avoiding a negative impact of the
random position, it was necessary to simulate more bat-
tles, normalize a fitness function and follow a population
median.

3.3 Results

The source code presented below directly reflects the pro-
posed genetic application outcome, i.e. the code that
has been automatically generated after realization of
a crossover operation between two Robocode tanks regard-
ing the Figure 3. There is a list of listeners at the beginning
of the class and the run function closes Robot’s class. As
it was mentioned in the Section 2, all generated robots ex-
tend the common Robot class, which is directly provided
by the Robocode game.
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public class TankChromosome16 extends Robot {

// Robot’s event listeners

public void onScannedRobot(ScannedRobotEvent e) {

if (true) {

if (e.getBearing() < 180) {

if (e.getEnergy() > 30) {

ahead(100);

fire(3.0);

}

fire(3.0);

}

}

}

public void onHitWall(HitWallEvent e) {...}

public void onHitRobot(HitRobotEvent e) {...}

public void onBulletHit(BulletHitEvent e) {...}

public void onHitByBullet(HitByBulletEvent e) {...}

public void onBulletMissed(BulletMissedEvent e) {...}

// Main run function

public void run() {...}

}

The chart in the Figure 4 shows the difference between
genetic programming and genetic algorithm that was also
implemented and tested during the designing of the pro-
posed method. It is noteworthy, that the genetic program-
ming approach gets better final score after the 220th and
it shows much better applicability on the Robocode game,
because of its data structures that can express more com-
plex chromosome’s behaviour.
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Figure 4: A comparison of genetic programming and ge-
netic algorithm approaches.

Chart in the Figure 5 shows the difference between the
genetic programming approach and a human. The auto-
matically generated tank gets a much better score after 850
evolution cycles than the robot programmed by the human.
Of course the reasonable question is, whether the evolution
process should be continuing. Fortunately, a definitive an-
swer does not exist. If the evolution process continues,
two factors may affect the population’s score growing. The
first is the deviation, which has appeared during the 250th

population and is described in the Section 3.2. The second
one is related to the overstraining effect, which can occur
in gradual fading of the population [1, 11].
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Figure 5: A comparison of genetic programming and tanks
created by an avarage human.

4 Conclusion

Genetic programming is a very promising approach for
solving NP-hard problems, where optimal solutions are not
possible to find in real time, because of their exponential
time complexityThis paper describes an overall method for
source code generation using genetic programming tech-
nique. The proposed method was tested on the program-
ming game Robocode with the motivation to generate the
tank that defeats all opponents.

The paper summarizes a theoretical basics and includes
a comprehensive approach to evolutionary algorithms. It
clarifies the difference between genetic programming and
genetic algorithm approaches, deals with basic methods
and principles and presents an effective way of tuning ge-
netic programming parameters. The experiment is directly
focused on applying theoretically researched knowledge to
the real NP-hard problem. The proposed method brings
a complex solution for the source code generation using ge-
netic programming technique. The advantage of the pro-
posed method is the generality of its applications, functions
and used data structures. It allows easy transformation of
the invented method to solve other hard problems.

This work also brings a comparison of tested approaches
and demonstrates the output of the method, i.e. founding
a sub-optimal source code solution allowing the robot to
achieve a better score as the human can. The demon-
strated results evidently show the increasing trend in the
robot’s final score, which demonstrates the effectiveness of
the proposed solution.

As a result of the comparison between genetic algorithms
and genetic programming, the superiority of genetic pro-
gramming is shown. The reason is that genetic program-
ming brings more complicated expressive power using tree
based data structures that allows to describe the behavior
of entities in a more effective way.

In conclusion, the genetic programming approach is
a great example of the approximation algorithm, which
can be directly applied on a wide range of real-world prob-
lems that allow integration of optimization approaches.
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The main advantages of the proposed method are simplic-
ity, generality and parallelization possibilities. Further-
more, the output of the genetic programming techniques
returns a fully executable source code, which may be im-
mediately processed.
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