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� Genetic Programming is an Evolutionary Algorithm.
� But what does it optimize? What is it good for? What is the
difference to a Genetic Algorithm, Evolution Strategy, or Differential
Evolution?

1 It evolves programs or
2 tree or graph data structures.

� Made popular by Koza [1–3], but earlier works by e.g., Fogel et al. [4],
Smith [5], Forsyth [6–8], Cramer [9], Schmidhuber [10, 11], Hicklin [12], and
Fujuki [13]
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Symbolic Regression: Why?

� A physicist runs an experiment.

� She measures two quantities xand
y.

� She obtains a set S of n
measurements S =
{(x1, y1), (x2, y2), . . . , (xn, yn)}

� Her goal is to find how they are
related, i.e., to discover a function
ϕ(x) = y

Metaheuristic Optimization Thomas Weise 7/84
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Symbolic Regression: Why?

� Given: Set S = {(x1,y1), (x2,y2), . . . , (xn,yn)} of points

� Wanted: functional relation ϕ : R 7→ R
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� Often, we can do this efficiently with the Levenberg-Marquardt [130, 131]

algorithm, the standard for non-linear regression

� If that does not work well, we can combine these methods with DE or
CMA-ES. . .

� But: Assumption about formula blueprint needed. . .
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� New kind of optimization problem: Symbolic Regression

� We have:
� Given set of points S = {(x1,y1), (x2,y2), . . . , (xn,yn)}
� A Function Set with elementary functions which can be combined

arbitrarily: F = {+,−, ∗, sin,√ , exp, . . . }
� A Terminal Set, i.e., the available null-ary functions containing things

like the input variable xand real constants: T = {x,R, . . . }
� We want: Find a combination of elements from F and T which
represents a formula that fits to the data.

Metaheuristic Optimization Thomas Weise 10/84
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Symbolic Regression: Representation

� Symbolic Regression with Genetic Programming:
� represent formulas as tree data structures
� for example: minimize f(ϕ) =

∑n

i=1 (yi − ϕ(xi))
2

� construct ϕwith Genetic Programming!
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Evolutionary Algorithms

� Population-based optimization according to the cycle below
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Evolution

� Start with a random set of individuals
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Evolutionary Algorithms

� Test the features of each individual
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Evolution

� Fitness is relative, determined/defined as number of offspring
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� square error f(ϕ)

� ν(ϕ) = f(ϕ)+penalty∗size(ϕ)



Evolution

� Fitter individuals have more offspring
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EAs and Genetic Programming

� Selection determines number of offspring based on fitness
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Evolution

� Asexual and sexual reproduction
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Genetic Programming

� Asexual reproduction: mutation (insert random sub-tree)
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Genetic Programming

� Sexual reproduction: recombination (exchange sub trees)
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Evolutionary Algorithms

� Cycle starts all over until termination criterion is met
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� Creation of random programs of a maximum depth maxDepth: [3]

� Method B: Grow(maxDepth)

1 Add random function or terminal nodes until all branches have
terminals or reached maxDepth− 1

2 Add terminal nodes to all branches without terminals
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� Method C: Ramped-Half-and-Half

1 Create ≈ ps

2(maxDepth−1) with (i) for ∀i ∈ 2 . . .maxDepth

2 Create ≈ ps

2(maxDepth−1) with (i) for ∀i ∈ 2 . . .maxDepth

� Fills population with a good variety of trees of different shapes and
sizes
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Data Mining: Classify Irises

� Most classical example for data mining [132, 133]
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� The petals and sepals of different iris flowers have been measured

� Can we use this data to find a program which tells us to what type a
flower belongs on basis of petal and sepal measurements?
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� Data samples t = (t1, t2, . . . , tn); ti ∈ R belong to classes k ∈ K

� Supervised learning: we use samples t ∈ A with known classes
class(t) ∈ K to learn a function C : Rn 7→ K
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Classify Irises with Genetic Programming

� Genetic Programming: maximize f(C) = |{t ∈ A : C(t) = class(t)}|
� Decisions and tree shapes not limited to a certain shape
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� Standard Genetic Programming (STGP): different node types [22, 134–137]
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� Reproduction operations: must obey to these specifications
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� Bloat: uncontrolled growth of programs

� Is it good or bad?

1 Elegant solutions are always simple and small
2 Larger programs = longer processing time for both, reproduction

operations and evaluation
3 Larger programs = danger of overfitting
4 Larger programs occupy more memory
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� Bloat: uncontrolled growth of programs
� Is it good or bad?
� Well, OK, if it is bad. . . then why is there bloat? Some possible
reasons:

1 Useless code hitchhiking and reproducing with good individuals (high
selection pressure ⇒ more bloat) [28, 138, 143, 144]

2 Protection against reproduction operators: mutation in useless code
has no impact ⇒ program can survive [144–151]

3 Removal bias: finite portion of removable useless nodes, but no direct
limit to amount of nodes which can be inserted [152]

4 Overfitting: code one decision for each instance of the training and get
perfect fitness (but no generalization)

� So what can we do against it?
1 Use multi-objective optimization: minimize also program size [30, 153, 154]

2 Use penalties in single-objective optimization [140]

3 Set a conservative upper bound for program size [139]

4 Use specialized mutation and crossover operators which minimize
bloat [143, 151]
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Representations

� Genetic Programming evolves programs or trees or graph data
structures
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Representations

� Genetic Programming evolves programs or trees or graph data
structures

� There are many ways for an Evolutionary Algorithm to match this
definition. . .
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First Steps
(Friedberg, 1958)

Tree-based
(Forsyth, 1981)

Standard GP
(Koza, 1988)

Strongly-typed GP
(Montana, 1993)

Linear GP
(Nordin, 1994)

Grammars
(Antonisse, 1990) TAG3P

(Nguyen, 2004)

RBGP
(Weise, 2007)

PDGP
(Poli, 1996)

Cartesian GP
(Miller/Thomson, 1998)

Evolutionary Programming
(Fogel et al., 1966)

Grammatical Evolution
(Ryan et al., 1995)

GADS 1/2
(Paterson/Livesey, 1995)

LOGENPRO
(Wong/Leung, 1995)

1960 1980 1990 1995 2000 20051970 1985

(Brameier/Banzhaf, 2001)

String-to-Tree Mappings
(Cramer, 1985)

Gene Expression Programming
(Ferreira, 2001)
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Parallel Distributed Genetic Programming

� Graphs are more general than trees

� PDGP: Nodes are arranged in a rectangular grid [179–183]

� Evolution: node functions and node connections

� Crossover: Exchange sub-graphs

Metaheuristic Optimization Thomas Weise 46/84
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What’s it good for?

So what is Genetic Programming good for?

� Maths / Symbolic Regression [3, 9, 14–33]

� Art [34–36]

� Computer Graphics [2, 16, 26, 37–40]

� Data Mining [6, 8, 37–39, 41–62]

� Circuit Design / Digital Technology [2, 3, 16, 24, 30, 33, 63–69]

� Prediction [38, 39, 43, 46, 47, 59]

� Economy and Finance [31, 33, 43–47, 70]

� Engineering [2, 3, 16, 22, 24, 27, 30, 33, 38, 39, 52, 63–67, 69, 71–96]

� Systems Security [52, 61, 74, 81, 83, 97]

� Networking and Communication [19, 27, 61, 70–73, 75–77, 82, 83, 90–92, 96–109]

� Multi-Agent Systems / Behaviors [70, 90, 91, 95, 102, 110–113]

� Chemistry [38, 39, 71–73, 82, 99, 104–106, 114–118]

� Software (Engineering) [2, 6, 9, 11–13, 29, 64, 69, 92, 103, 119–125]
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Evolution of Real Programs

� Evolution of “real” programs is hard
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Epistasis in Genetic Programming

� Important lesson: Epistasis aka. Linkage aka. separability is a problem
in optimization! [184–192]

� We can only solve problems efficiently if we can make small changes
to a candidate solution and obtain small changes in the behavior

� Active research area: Finding program representations in GP which
have less epistasis

� Rule-based Genetic Programming (RBGP): programs as rule sets –
order of instructions becomes unimportant [101, 193–197]
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Summary

� Genetic Programming is an Evolutionary Algorithm for synthesizing
program-like or tree-like structures

Metaheuristic Optimization Thomas Weise 54/84



Summary

� Genetic Programming is an Evolutionary Algorithm for synthesizing
program-like or tree-like structures

� Many known applications such as data mining or Symbolic Regression

Metaheuristic Optimization Thomas Weise 54/84



Summary

� Genetic Programming is an Evolutionary Algorithm for synthesizing
program-like or tree-like structures

� Many known applications such as data mining or Symbolic Regression

� . . . but danger: bloat!

Metaheuristic Optimization Thomas Weise 54/84



Summary

� Genetic Programming is an Evolutionary Algorithm for synthesizing
program-like or tree-like structures

� Many known applications such as data mining or Symbolic Regression

� . . . but danger: bloat!

� Many, many different representations

Metaheuristic Optimization Thomas Weise 54/84



Summary

� Genetic Programming is an Evolutionary Algorithm for synthesizing
program-like or tree-like structures

� Many known applications such as data mining or Symbolic Regression

� . . . but danger: bloat!

� Many, many different representations

� Suitable for many types of problems, but not all

Metaheuristic Optimization Thomas Weise 54/84



Summary

� Genetic Programming is an Evolutionary Algorithm for synthesizing
program-like or tree-like structures

� Many known applications such as data mining or Symbolic Regression

� . . . but danger: bloat!

� Many, many different representations

� Suitable for many types of problems, but not all

� Epistasis: a problem from nature

Metaheuristic Optimization Thomas Weise 54/84



Summary

� Genetic Programming is an Evolutionary Algorithm for synthesizing
program-like or tree-like structures

� Many known applications such as data mining or Symbolic Regression

� . . . but danger: bloat!

� Many, many different representations

� Suitable for many types of problems, but not all

� Epistasis: a problem from nature

� Use GP for what it is suitable for (which is not much. . . ), not for
other stuff. . .
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Caspar David Friedrich, “Der Wanderer über dem Nebelmeer”, 1818
http://en.wikipedia.org/wiki/Wanderer_above_the_Sea_of_Fog
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28. Steven Matt Gustafson, Anikó Ekárt, Edmund K. Burke, and Graham Kendall. Problem difficulty and code growth in
genetic programming. Genetic Programming and Evolvable Machines, 5(3):271–290, September 2004. doi:
10.1023/B:GENP.0000030194.98244.e3. URL
http://www.gustafsonresearch.com/research/publications/gustafson-gpem2004.pdf . Submitted March 4, 2003;
Revised August 7, 2003.

29. Cory Fujiko and John Dickinson. Using the genetic algorithm to generate lisp source code to solve the prisoner’s dilemma.
In John J. Grefenstette, editor, Proceedings of the Second International Conference on Genetic Algorithms and their
Applications (ICGA’87), pages 236–240, Cambridge, MA, USA: Massachusetts Institute of Technology (MIT), July 28–31,
1987. Mahwah, NJ, USA: Lawrence Erlbaum Associates, Inc. (LEA).
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financial data sets. In Erricos John Kontoghiorghes, Berç Rustem, and Peter Winker, editors, Computational Methods in
Financial Engineering – Essays in Honour of Manfred Gilli, chapter II-5, pages 239–255. Berlin/Heidelberg:
Springer-Verlag, 2008. doi: 10.1007/978-3-540-77958-2 12. URL
http://www.bracil.net/finance/papers/GarciaTsangGalvan-Ecr-Book-2007.pdf .

46. Jin Li. FGP: A Genetic Programming Based Tool for Financial Forecasting. PhD thesis, Wivenhoe Park, Colchester,
Essex, UK: University of Essex, October 6, 2001.

Metaheuristic Optimization Thomas Weise 62/84

http://cswww.essex.ac.uk/technical-reports/2007/csm_470.pdf
http://books.google.de/books?id=KkdZlfQJvbYC
http://www.bracil.net/finance/papers/GarciaTsangGalvan-Ecr-Book-2007.pdf


Bibliography VII

47. Edward P. K. Tsang, Paul Yung, and Jin Li. Eddie-automation – a decision support tool for financial forecasting. Decision
Support Systems, 37(4):559–565, September 2004. doi: 10.1016/S0167-9236(03)00087-3. URL
http://www.bracil.net/finance/papers/TsYuLi-Eddie-Dss2004.pdf .

48. Durga Prasand Muni, Nikhil R. Pal, and Jyotirmoy Das. A novel approach to design classifiers using genetic programming.
IEEE Transactions on Evolutionary Computation (IEEE-EC), 8(2):183–196, April 2004. doi:
10.1109/TEVC.2004.825567.

49. Hajira Jabeen and Abdul Rauf Baig. Review of classification using genetic programming. International Journal of
Engineering Science and Technology, 2(2):94–103, February 2010. URL
http://www.ijest.info/docs/IJEST10-02-02-06.pdf .

50. Chi Zhou, Weimin Xiao, Thomas M. Tirpak, and Peter C. Nelson. Evolving accurate and compact classification rules with
gene expression programming. IEEE Transactions on Evolutionary Computation (IEEE-EC), 7(6):519–531, December
2003. doi: 10.1109/TEVC.2003.819261.
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Whitley, David Edward Goldberg, Erick Cantú-Paz, Lee Spector, Ian C. Parmee, and Hans-Georg Beyer, editors,
Proceedings of the Genetic and Evolutionary Computation Conference (GECCO’00), pages 1053–1060, Las Vegas, NV,
USA: Riviera Hotel and Casino, July 8–12, 2000. San Francisco, CA, USA: Morgan Kaufmann Publishers Inc. URL
https://computation.llnl.gov/casc/sapphire/dtrees/oc1.html .

59. Celia C. Bojarczuk, Heitor Silverio Lopes, and Alex Alves Freitas. An innovative application of a constrained-syntax
genetic programming system to the problem of predicting survival of patients. In Conor Ryan, Terence Soule, Maarten
Keijzer, Edward P. K. Tsang, Riccardo Poli, and Ernesto Jorge Fernandes Costa, editors, Proceedings of the 6th European
Conference on Genetic Programming (EuroGP’03), volume 2610/2003 of Lecture Notes in Computer Science (LNCS),
pages 11–59, Wivenhoe Park, Colchester, Essex, UK: University of Essex, Departments of Mathematical and Biological
Sciences, April 14–16, 2003. Berlin, Germany: Springer-Verlag GmbH. doi: 10.1007/3-540-36599-0 2. URL
http://www.cs.kent.ac.uk/people/staff/aaf/pub_papers.dir/EuroGP-2003-Celia.pdf .

Metaheuristic Optimization Thomas Weise 64/84

http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.53.5800
http://citeseer.ist.psu.edu/61578.html
http://kar.kent.ac.uk/21483/
https://computation.llnl.gov/casc/sapphire/dtrees/oc1.html
http://www.cs.kent.ac.uk/people/staff/aaf/pub_papers.dir/EuroGP-2003-Celia.pdf


Bibliography IX

60. Celia C. Bojarczuk, Heitor Silverio Lopes, and Alex Alves Freitas. Data mining with constrained-syntax genetic
programming: Applications to medical data sets. In Blaz Zupan, Elpida Keravnou, and Nada Lavrac, editors, Proceedings
Intelligent Data Analysis in Medicine and Pharmacology (IDAMAP’01), The Springer International Series in Engineering
and Computer Science, London, UK: Custom House Hotel at ExCeL, September 4, 2001. Boston, MA, USA: Springer US.
URL http://www.cs.bham.ac.uk/~wbl/biblio/gp-html/bojarczuk_2001_idamap.html .

61. Riyad Alshammari, Peter I. Lichodzijewski, Malcom Ian Heywood, and A. Nur Zincir-Heywood. Classifying ssh encrypted
traffic with minimum packet header features using genetic programming. In Franz Rothlauf, Günther R. Raidl,
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