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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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� 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

� Test the features of each individual
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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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� 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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Grow

� 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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� Creation of random programs of a maximum depth maxDepth: [3]

� Method C: Ramped-Half-and-Half
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� Creation of random programs of a maximum depth maxDepth: [3]

� 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
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� Creation of random programs of a maximum depth maxDepth: [3]

� 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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� Most classical example for data mining [132, 133]

� 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 Mining: Classify Irises

� 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

� Standard Genetic Programming (STGP): different node types [22, 134–137]
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Standard Genetic Programming

� Standard Genetic Programming (STGP): different node types [22, 134–137]

� Non-terminal nodes: type for each child

� Reproduction operations: must obey to these specifications
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Bloat in Genetic Programming

� 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 in Genetic Programming

� Bloat: uncontrolled growth of programs

� Is it good or bad?

� Well, OK, if it is bad. . . then why is there bloat?

� So what can we do against it?
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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
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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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Bäck, Zbigniew Michalewicz, and Xin Yao, editors, Proceedings of the IEEE International Conference on Evolutionary
Computation (CEC’97), pages 297–302, Indianapolis, IN, USA, April 13–16, 1997. Piscataway, NJ, USA: IEEE Computer
Society. doi: 10.1109/ICEC.1997.592321.

91. Hitoshi Iba. Emergent cooperation for multiple agents using genetic programming. In Hans-Michael Voigt, Werner Ebeling,
Ingo Rechenberg, and Hans-Paul Schwefel, editors, Proceedings of the 4th International Conference on Parallel Problem
Solving from Nature (PPSN IV), volume 1141/1996 of Lecture Notes in Computer Science (LNCS), pages 32–41, Berlin,
Germany, September 22–24, 1996. Berlin, Germany: Springer-Verlag GmbH. doi: 10.1007/3-540-61723-X 967.

92. Paul Grace. Genetic programming and protocol configuration. Master’s thesis, Lancaster, Lancashire, UK: Lancaster
University, Computing Department, September 2000. URL http://www.lancs.ac.uk/postgrad/gracep/msc.pdf .

93. Forrest H. Bennett III, John R. Koza, David Andre, and Martin A. Keane. Evolution of a 60 decibel op amp using genetic
programming. In Tetsuya Higuchi, Masaya Iwata, and Weixin Liu, editors, The First International Conference on Evolvable
Systems: From Biology to Hardware, Revised Papers (ICES’96), volume 1259/1997 of Lecture Notes in Computer Science
(LNCS), Tsukuba, Japan, October 7–8, 1996. Berlin, Germany: Springer-Verlag GmbH. doi:
10.1007/3-540-63173-9 65. URL http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.56.6051 .

94. Hans-Georg Beyer, Eva Brucherseifer, Wilfried Jakob, Hartmut Pohlheim, Bernhard Sendhoff, and Thanh Binh To.
Evolutionary algorithms – terms and definitions, February 25, 2002. URL
http://ls11-www.cs.uni-dortmund.de/people/beyer/EA-glossary/ .

95. David Andre and Astro Teller. Evolving team darwin united. In Minoru Asada and Hiroaki Kitano, editors, RoboCup-98:
Robot Soccer World Cup II, volume 1604 of Lecture Notes in Computer Science (LNCS), pages 346–351, Paris, France,
July 1998. Berlin, Germany: Springer-Verlag GmbH. URL
http://www.cs.cmu.edu/afs/cs/usr/astro/public/papers/Teller_Astro.ps .

Metaheuristic Optimization Thomas Weise 70/84

http://www.genetic-programming.com/jkpdf/gp1996lbpamplifier.pdf
http://www.lancs.ac.uk/postgrad/gracep/msc.pdf
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.56.6051
http://ls11-www.cs.uni-dortmund.de/people/beyer/EA-glossary/
http://www.cs.cmu.edu/afs/cs/usr/astro/public/papers/Teller_Astro.ps


Bibliography XV

96. P. Aiyarak, A. S. Saket, and Mark C. Sinclair. Genetic programming approaches for minimum cost topology optimisation
of optical telecommunication networks. In Ali M. S. Zalzala, editor, Proceedings of the Second IEE/IEEE International
Conference On Genetic Algorithms in Engineering Systems: Innovations and Applications (GALESIA’97), volume 1997 of
IET Conference Publications, pages 415–420, Glasgow, Scotland, UK: University of Strathclyde, September 2–4, 1997.
Stevenage, Herts, UK: Institution of Engineering and Technology (IET). doi: 10.1049/cp:19971216. URL
http://www.cs.bham.ac.uk/~wbl/biblio/gp-html/aiyarak_1997_GPtootn.html .

97. Mark Crosbie and Gene Spafford. Applying genetic programming to intrusion detection. In John R. Koza and Eric V.
Siegel, editors, Proceedings of 1995 AAAI Fall Symposium Series, Genetic Programming Track, Cambridge, MA, USA:
Massachusetts Institute of Technology (MIT), November 10–12, 1995. URL
http://ftp.cerias.purdue.edu/pub/papers/mark-crosbie/mcrosbie-spaf-AAAI.ps.Z . The paper appeared also as
technical report COAST TR 95-05 of COAST Laboratory, Deptartment of Computer Sciences, Purdue University, West
Lafayette, IN, USA.

98. Lerina Aversano, Massililiano di Penta, and Kunal Taneja. A genetic programming approach to support the design of
service compositions. International Journal of Computer Systems Science and Engineering (CSSE), 21(4):247–254, July
2006. URL http://www.rcost.unisannio.it/mdipenta/papers/csse06.pdf .

99. Lidia A. R. Yamamoto, Daniel Schreckling, and Thomas Meyer. Self-replicating and self-modifying programs in fraglets.
In Proceedings of the 2nd International Conference on Bio-Inspired Models of Network, Information, and Computing
Systems (BIONETICS’07), Budapest, Hungary: Radisson SAS Beke Hotel, December 10–13, 2007. Piscataway, NJ, USA:
IEEE Computer Society. doi: 10.1109/BIMNICS.2007.4610104. URL
http://cn.cs.unibas.ch/people/ly/doc/bionetics2007-ysm.pdf .

100. Thomas Weise, Kurt Geihs, and Philipp Andreas Baer. Genetic programming for proactive aggregation protocols. In
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125. Anna Derezińska. Advanced mutation operators applicable in c# programs. In Krzystof Sacha, editor, Software
Engineering Techniques: Design for Quality – IFIP Working Conference on Software Engineering Techniques (SET’06),
pages 283–288, Warsaw, Poland: Warsaw University, October 17–20, 2006. Berlin/Heidelberg: Springer-Verlag.

126. Carl Friedrich Gauß. Theoria Motus Corporum Coelestium in Sectionibus Conicis Solem Ambientium. Hamburg, Germany:
Hamburgi Sumtibus Frid. Perthes et I. H. Besser, 1809. URL http://books.google.de/books?id=ORUOAAAAQAAJ .

127. Carl Friedrich Gauß. Theoria Combinationis Observationum Erroribus Minimis Obnoxiae, volume 5 (Classis
Mathematicae) of Commentationes Societatis Regiae Scientiarum Gottingensis Recentiores. Göttingen, Germany:
Societas Regia Scientiaum Gottingensis and Göttingen, Germany: Gottingae: Henricum Dieterich, 1821. URL
http://books.google.de/books?id=ZQ8OAAAAQAAJ .

128. Carl Friedrich Gauß. Supplementum Theoria Combinationis Observationum Erroribus Minimis Obnoxiae, volume 6 (Classis
Mathematicae) of Commentationes Societatis Regiae Scientiarum Gottingensis Recentiores. Göttingen, Germany:
Societas Regia Scientiaum Gottingensis and Göttingen, Germany: Gottingae: Henricum Dieterich, 1826.

Metaheuristic Optimization Thomas Weise 75/84

http://www.cs.cmu.edu/afs/cs/usr/astro/public/papers/Turing.ps
http://www.cs.cmu.edu/afs/cs/usr/astro/public/papers/Curiosities.ps
http://books.google.de/books?id=ORUOAAAAQAAJ
http://books.google.de/books?id=ZQ8OAAAAQAAJ


Bibliography XX
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