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Abstract

Genetic Programming (GP) is an evolutionary paradigm for automatically finding solutions,
often in the form of computer programs, for a problem. Since its introduction in early 1990s, GP
has been used to solve problems in a wide range of fields, and produced a large numbers of human-
competitive results. A result is human-competitive if it is equal or better than previous best results
obtained by human experts. This paper aims to introduce some human-competitive results produced
by GP recently. The first section briefly describes Genetic Programming. The human-competitive
results are presented after that.
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1. Genetic Programming

GENETIC Programming (GP) [1], [2], one of the subsets of evolutionary algorithms
(EAs), is a mechanism designed to allow a population of computer programs to be

evolved. It can also be seen as a machine learning method to optimize a population of
computer programs to perform a given computational task. The early dawn of computer
program evolution can at least be traced back to the 50s of the last century in that Friedberg
used computers to learn programs for itself [3]. The idea of using chromosome (solution)
representation with variable size was probably first proposed by Smith in [4], where the
author used individuals of variant size to evolve classifier systems. This work was then
greatly expanded by John R. Koza, who has pioneered the application of GP in various
complex optimization, learning, and search problems [2].

Since GP can be seen as an evolutionary algorithm, it shares a number of common
characteristics with other EAs. In order to apply GP to solve a problem, the following steps
need to be processed:
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1) Select a representation, a set of functions and terminals, and a fitness function for the
problem.

2) Initialise a population of individuals.
3) Evaluate the fitness (how good) of the individuals in the population.
4) If the termination conditions have been reached, exit. Otherwise, go to step 5.
5) Choose a number of individuals (candidate solutions) using a certain selection method.
6) Apply a number of genetic operators on the selected solutions to generate a new popu-

lation.
7) Repeat from step 3 to step 6.

To start using GP in solving a problem, GP practitioners need to select an appropriate
representation format for the problem. There were several representations often used in GP.
Among them, tree-based representation was the most popular form. After that, a set of
functions F and terminals T are chosen. The function set F = {f1, f2, ..., fn} includes a
number of functions with arity (number of children or arguments) greater than 0, whereas
the terminal set T = {t1, t2, ..., tm} contains 0-arity functions or constants.

The first step in running a GP system is to create an initial population of candidate solutions.
This population is usually randomly generated with respect to some constraints in terms of
syntax (max depth of trees or max size of chromosomes). The fitness function is then called
to measure the fitness value for each individual in the population. The fitness value of an
individual presents the ability of that individual in solving the problem. The GP process is
finished when the termination condition in step 4 is true.

Based on a fitness measure, the fitter solutions (the better solutions to the problem) are
selected using a selection method. Next, a new population is generated by applying a number
of genetic operators to the chosen individuals. The main operators include crossover, mutation
and reproduction. The reproduction operation simply copies a selected individual to the next
generation. The mutation operator adds new genetic material to the population by modifying
the individual while the crossover operation generates two new individuals by combining two
old individuals. More detail discussion about Genetic Programming can be found in [1], [2].

Through the years, GP has greatly developed. GP has also been applied to solve various
problems, and in many situations GP produced competitive results with human [5]. These
results will be discussed in the following section.

2. Human Competitive Results

Getting machines to produce human-like results is the main goal for the development of
the fields of artificial intelligence and machine learning. However, it has always been very
challenging to evaluate for the solutions produced by these methods. In the early days of
machine learning, Alan Turing proposed an imitation game, now known as the Turing test,
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for assessing machine intelligence [6]. Unfortunately, the Turing test is unable to implement
in practice, and so, there is a demand for more workable tests of machine intelligence.

Recently, Koza et al. [2] suggested using the notion of human competitiveness in stead
of the notion of intelligence to assess for the solutions of machine intelligence. According
to Koza et al. [2], a result produced by an automated method of machine intelligence is
human-competitive if it satisfies one of the following eight criteria:

1) The result was patented as an invention in the past, is an improvement over a patented
invention or would qualify today as a patentable new invention.

2) The result is equal to or better than a result that was accepted as a new scientific result
at the time when it was published in a peer-reviewed scientific journal.

3) The result is equal to or better than a result that was placed into a database or archive
of results maintained by an internationally recognised panel of scientific experts.

4) The result is publishable in its own right as a new scientific result, independent of the
fact that the result was mechanically created.

5) The result is equal to or better than the most recent human-created solution to a long-
standing problem for which there has been a succession of increasingly better human-
created solutions.

6) The result is equal to or better than a result that was considered an achievement in its
field at the time it was first discovered.

7) The result solves a problem of indisputable difficulty in its field.
8) The result holds its own or wins a regulated competition involving human contestants

(in the form of either live human players or human-written computer programs).

These criteria are independent of the fields of artificial intelligence, machine learning, and
GP. Over the years, dozens of results produced by GP have passed the human-competitiveness
test. Since 2004, a competition has been held annually at one of the most prestigious con-
ference in the fields: The Genetic and Evolutionary Computation Conference (GECCO). The
$10,000 prize is awarded to projects that have produced automatically-created results which
equal or better those produced by humans. Some typical human-competitive results that won
the competition include:

1) The design of an antenna for deployment on NASAs Space Technology 5 Mission [7].
2) The invention of optical lens systems [8].
3) The creation of various high-performance game players for Backgammon, Robocode and

Chess endgame [9].

Totally, until 2010, there were at least 76 instances of human-competitive results surveyed
in [5]. These human-competitive results come from a wide variety of fields, including quantum
computing circuits, analog electrical circuits, antennas, mechanical systems, game playing,
finite algebras, photonic systems, image recognition, optical lens systems, mathematical al-
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gorithms, cellular automata rules, bioinformatics, sorting networks, robotics, software repair,
scheduling, communication protocols, to name but a few. Recently, due to the development
of GP theory and the progress of computing power, the number of human-competitive results
have significantly increased. There were 10 entries to the competition in 2011. Of these, 9 were
short-listed and invited to make presentations at the GECCO conference. These numbers in
2012 and 2013 were 11 and 14, respectively. Especially, in 2012, there was the first human-
competitive result obtained by researchers from purely Asian universities [10]. All of the
human-competitive results are presented in [11].

3. Conclusion

This paper gave an introduction to Genetic Programming (GP), a mechanism that allows
computer programs to be evolved. Over two decades since it was proposed, GP has success-
fully applied to a wide range of fields. Many results obtained by GP have passed human-
competitiveness test, meaning that they are equal or better than the results produced by human
experts. With the increased availability of computing power, it is believed that there will be
an increasing flow of more human-competitive results in the future.
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