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e What is Genetic Programming?
e Genetic Programming is an Evolutionary Algorithm.

e But what does it optimize? What is it good for? What is the
difference to a Genetic Algorithm, Evolution Strategy, or Differential

Evolution?

@ It evolves programs or
@ tree or graph data structures.

Programs in the wider sense of the
word: Algorithm-like, interpretable in-
structions. A formula is a program, a
decision tree is a program etc. ..

» Made popular by Koza **l, but earlier works by e.g., Fogel et al. !,
Smith !, Forsyth ©® Cramer ), Schmidhuber * 1 Hicklin 4 and

Fujuki [**

Metaheuristic Optimization Thomas Weise

4/84



So what is Genetic Programming good for?

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression B 9. 1453

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression B 9. 1453
o Art [34-36]

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression (2,9, 14-33]
o Art [34-36]
° Computer Graphics [2, 16, 26, 37-40]

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression (2,9, 14-33]

o Art [34-36]

° Computer Graphics [2, 16, 26, 37-40]
e Data Mining Io.5.37-3, s1-62

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression (2,9, 14-33]

o Art [34-36]

° Computer Graphics [2, 16, 26, 37-40]
e Data Mining Io.5.37-3, s1-62

e Circuit Design / Digital Technology & 2 22 s

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression (2,9, 14-33]

o Art [34-36]

e Computer Graphics 2. 16, 26, 37-40]

e Data Mlmng [6. 8, 37-39, 41-62]

e Circuit Design / Digital Technology & 2 20 3 00
e Prediction 38, 39, 43, 46, 47, 59]

Just to name a few. ..



So what is Genetic Programming good for?

Maths / Symbolic Regression

Art

Computer Graphics

Data Mining

Circuit Design / Digital Technology
Prediction

Economy and Finance

3.9, 14-33]

[34-36]

[2, 16, 26, 37-40]

6. 8, 37-39, 41-62]

2.3, 16, 24, 30, 33, 63-69)]

[38, 39, 43, 46, 47, 59]

[31, 33, 43-47, 70]

Just to name a few. ..



So what is Genetic Programming good for?

Maths / Symbolic Regression

Art

Computer Graphics

Data Mining

Circuit Design / Digital Technology
Prediction

Economy and Finance

Engineering

3.9, 14-33]

[34-36]

[2, 16, 26, 37-40]

6. 8, 37-39, 41-62]

2.3, 16, 24, 30, 33, 63-69)]

[38, 39, 43, 46, 47, 59]

[31, 33, 43-47, 70]

[2,3, 16, 22, 24, 27, 30, 33, 38, 39, 52, 6367, 69, 71-96]

Just to name a few. ..



So what is Genetic Programming good for?

Maths / Symbolic Regression

Art

Computer Graphics

Data Mining

Circuit Design / Digital Technology
Prediction

Economy and Finance

Engineering

Systems Security

3.9, 14-33]

[34-36]

[2, 16, 26, 37-40]

6. 8, 37-39, 41-62]

2.3, 16, 24, 30, 33, 63-69)]

[38, 39, 43, 46, 47, 59]

[31, 33, 43-47, 70]

[2,3, 16, 22, 24, 27, 30, 33, 38, 39, 52, 6367, 69, 71-96]

[52, 61, 74, 81, 83, 97]

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression (2,9, 14-33]
e Art [34-36]
e Computer Graphics . 16, 2, 3740) :
e Data Mlnlng 6. 8. 37-39, 41-62] q;)
e Circuit Design / D|g|ta| Technology [2. 3. 16, 24, 30, 33, 63-69] h;
e Prediction (38,38, 43,46, 47, 59] o
e Economy and Finance 31,3, 6347, 70 g
[ ] Engineering [2, 3, 16, 22, 24, 27, 30, 33, 38, 39, 52, 63-67, 69, 71-96] c
e Systems Security 2 o1, 74,8155, 7 9
o Networking and Communication 19, 27, 61, 70-73, 75-77, 82, 83, 90-92, 96-109] 4(;;
>
=



So what is Genetic Programming good for?
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So what is Genetic Programming good for?

Maths / Symbolic Regression

Art
Computer Graphics
Data Mining

Circuit Design / Digital Technology

Prediction

Economy and Finance
Engineering

Systems Security

Networking and Communication
Multi-Agent Systems / Behaviors

Chemistry
Software (Engineering)

[3, 9, 14-33]

[34-36]

[2, 16, 26, 37-40]

[6. 8, 37-39, 41-62]

[2. 3, 16, 24, 30, 33, 63-69]

[38, 39, 43, 46, 47, 59]

[31, 33, 43-47, 70]

[2.3, 16, 22, 24, 27, 30, 33, 38, 39, 52, 63-67, 69, 71-96]
[52, 61, 74, 81, 83, 97]

[19, 27, 61, 70-73, 75-77, 82, 83, 90-92, 96-109]
[70. 90, 91, 95, 102, 110-113]
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y.
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e A physicist runs an experiment.

e She measures two quantities xand -

y.
e She obtains a set S of n
measurements S =

{(z1,91), (@2, 92), -, (Tn,Yn)}

e Her goal is to find how they are
related, i.e., to discover a function

px)=y

Example: Find formula for radial brightness of
a galaxy. (Just to illustrate the idea, the for-
mulas and data illustrated in the following are

unrelated to this example)

Metaheuristic Optimization Thomas Weise
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Symbolic Regression: Why?

o Given: Set S = {(x1,v1), (x2,v2),

®11,21
10,07
®

ooy (Xn,vn)} of points

X Yy
—10 11.20975399
=7 8.455665097
—4 8.131449992
-3 6.064537515
2 6.725218415
5 7.091508928
6 8.104694856
10 10.06724264

Metaheuristic Optimization

Thomas Weise
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Symbolic Regression: Why?

e Given: Set S = {(x1,v1), (X2,¥2), -+, (Xn,vn)} of points
e Wanted: functional relation ¢ : R — R

X y
12 -
2 10 1097 —10 11.20975399
o gn | - -7 8.455665097
. —4 | 8131449992
.6,06 6 e -3 6.064537515
41 2 6.725218415
2 5 7.091508928
, , , , , 6 8.104694856
S 2 Ry 10 10.06724264

Metaheuristic Optimization

Thomas Weise
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e Approximations: linear and non-linear Reg' _
e Parameterization of a given formula blue, %

v =px)= asxt + agx® + aosx® + a;

o Method of least squares developed by GauB ™ **! in the 1790s au the
age of 18 and first published by Legendre ['*:

n

Find values for ag to a4 that minimize Z (vi—p(x:)? (2)
i=1
o Often, we can do this efficiently with the Levenberg-Marquardt 3% **!]

algorithm, the standard for non-linear regression
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Symbolic Regression: Alternative Pl oy %\’

Approximations: linear and non-linear Reg'
.. . RN
Parameterization of a given formula blue, “**

y = Q(X) = CL4X4 + CL3X3 + CLQX2 + CLl .

Method of least squares developed by GauB ™% in the 1790s a1 the
age of 18 and first published by Legendre ['*:
n

Find values for ag to a4 that minimize Z (vi—p(x:)? (2)
i=1

Often, we can do this efficiently with the Levenberg-Marquardt % *3

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. . .

Metaheuristic Optimization Thomas Weise 9/84
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e New kind of optimization problem: Symbolic Regression
e We have:
e Given set of points S = {(x1,v1), (X2,¥2), -5 (Xn, ¥n)}
e A Function Set with elementary functions which can be combined
arbitrarily: F = {4, —, x, sin, Vo exp; .. .}
e A Terminal Set, i.e., the available null-ary functions containing things
like the input variable xand real constants: T = {x, R, ...}

e We want: Find a combination of elements from F and T which
represents a formula that fits to the data.




e Symbolic Regression with Genetic Programming

11,21 2
@11,
10,07
10 L]
546 513
L ¢ g @310
.
6 6,73 7,09
6,06
4
2
0 8 6 4 -2 2 6 8 10
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e Population-based optimization according to the cycle below

initial luati I ‘ fitness
population eévaiuation assignment
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e Start with a random set of programs

initial . I ‘ fitness
noniilatinn evaluation assignment

Q
* 0
e ¢ 9og
T (*) = () Action selection
+ MY o clRcle) «




e Test the features of each individual

evaluation fitness
assignment

reproduction selection




Genetic Programming

>
9

W

» Performance in simulation/evaluation plus criteria like size

evaluation fitness
assignment
x y 9(x)
-10 11.20975399 3.106034513
=7 8455665097 | 2.210774232 selection
—4 8.131449992 | 1.573557114
-3 6.064537515 | 1.404953282
2 6.725218415 0.797184314
5 7.091508928 0.567409838
6 8104694856 | 0.506612888
10 10.06724264 | 0.321953924
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Genetic Programming

» Performance in simulation/evaluation plus criteria like size

evaluation LS
assignment
\

x y 9(x)
-10 11.20975399 3.106034513

-7 8455665097 | 2210774232 n

—4 | 8131449992 | 1573557114 ) — (s
-3 6.064537515 | 1.404953282 f (*“) - Z (y, Y(Xl))
2 6.725218415 0.797184314 =1

5 7.091508928 0.567409838

6 8.104694856 | 0.506612888

10 10.06724264 | 0.321953924
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Genetic Programming

i

1AQ2

» Performance in simulation/evaluation plus criteria like size

.
\
& B size(yp) = number of
o nodes in the
tree i
© evaluation

x y ()
-10 11.20975399 3.106034513
=7 8455665097 2.210774232
—4 8.131449992 1.573557114
-3 6.064537515 1.404953282
2 6.725218415 0.797184314
5 7.091508928 0.567409838
6 8.104694856 0.506612888
10 10.06724264 0.321953924

fitness
assignment

~
)

)= (vi—p(xs))

i=1

Metaheuristic Optimization

Thomas Weise
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o Fitness is relative, determined/defined as number of offspring

A
) fitness
= evaluation assignment

[ —
reproduction i selection




e Fitness can be relative, determines expected number of offsprings
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e Fitness can be relative, determines expected number of offsprings

Fitness v(y) in Symbolic - ’ fithess

Regression could be. .. evaluation assignment

e square error f(¢)

* v(p) = f(p)+ penalty x size(y)

reproduction i selection




e Fitter individuals have more offspring

-

i selection

fitness

evaluation assignment




o Selection determines number of offspring based on fitness

Selection in GP usually either fit-

ness proportionate or tournament se-

lection.

fitness

evaluation assignment

reproduction selection




Evolution

e Asexual and sexual reproduction

evaluation fitness
assignment
reproduction selection

Metaheuristic Optimization Thomas Weise 22/84



o Asexual reproduction: mutation (insert random sub-tree)

randomly
created
cut randot (@/@\62 eelsifon fitness
- node y assignment

replace a randomly
chosen node with
a randomly created

sub tree N

reproduction selection




e Sexual reproduction: recombination (exchange sub trees)

fitness

evaluation assignment

Select'nodeto—] Select'node toreplace
replace in Parent 1 with from Parent 2

reproduction selection




e Cycle starts all over until termination criterion is met

fitness

evaluation assignment

reproduction selection
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* Method A: Full(maxDepth)

@ Add random function nodes until maxDepth — 1 is reached in all
branches
@ Add terminal nodes

St gnd ok

maximum depth
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o Creation of random programs of a maximum depth maxDepth: )

e Method B: Grow(maxDepth)

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

o o

maximum depth




o Creation of random programs of a maximum depth maxDepth: )

e Method B: Grow(maxDepth)
@ Add random function or terminal nodes until all branches have
terminals or reached maxDepth — 1
@ Add terminal nodes to all branches without terminals

o o

maximum depth




o Creation of random programs of a maximum depth maxDepth: )
e Method C: Ramped-Half-and-Half




o Creation of random programs of a maximum depth maxDepth: )
e Method C: Ramped-Half-and-Half

® Create ~ m with (¢) for Vi € 2... maxDepth

@ Create ~ m with (¢) for Vi € 2... maxDepth




o Creation of random programs of a maximum depth maxDepth: )
e Method C: Ramped-Half-and-Half

® Create ~ m with (¢) for Vi € 2... maxDepth

@ Create ~ m with (¢) for Vi € 2... maxDepth

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

Iris Setosa

_ petal —

—sepal —

Iris Versicolor

Iris Virginica

» Most classical example for data mining 3> ¥

Metaheuristic Optimization

Thomas Weise
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_ petal —

—sepal —

Iris Setosa Iris Versicolor Iris Virginica

» Most classical example for data mining 3> ¥

e The petals and sepals of different iris flowers have been measured
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Data Mining: Classify Irises

Iris Setosa

_ petal —

—sepal —

Iris Versicolor

Iris Virginica

» Most classical example for data mining 3> ¥
e The petals and sepals of different iris flowers have been measured

e 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?

Metaheuristic Optimization

Thomas Weise

31/84




o Data samples t = (t1,tg,...,t,);t; € R belong to classes k € K

iris setosa k=class(t)
fisISetosal
7.0 3.2 4.7 1.4 iris versicolor
A 6.3 33 6.0 25 iris virginica
6.4 3.2 4.5 1.4 iris versicolor
t,eR t,eR t,eR t,eR K = {setosa, versicolor, virginica}



o Data samples t = (t1,tg,...,t,);t; € R belong to classes k € K

e Supervised learning: we use samples ¢t € A with known classes
class(t) € K to learn a function C': R" — K

. . . . iris setosa k=class(t
teA{ 3 ( lifis Sellose) ®
7.0 3.2 4.7 1.4 iris versicolor
A 6.3 33 6.0 25 iris virginica
6.4 3.2 4.5 1.4 iris versicolor
t,eR t,eR t,eR t,eR K = {setosa, versicolor, virginica}



e Very common approach: decision trees
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e Very common approach: decision trees

e Classical decision tree builders are limited to simple decision node
structures = Some decisions cannot be represented

yes
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e Classical decision tree builders are limited to simple decision node
structures = Some decisions cannot be represented

-
o

N
N

-
N

-
o

Iris Setosa %

petal length * petal width ~ petal area
o

41 Iris Versicolor = .
5 Iris Virginica o [
- *
ok wonuletbetr o ¢

10 15 20 25 30 35

sepal length * sepal width ~ sepal area



* Genetic Programming: maximize f(C) = |{t € A: C(t) = class(t)}|
e Decisions and tree shapes not limited to a certain shape

if t*t,<4 =class0
else if t*t, <2*,*,= class 1
else class 2
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class-valued results /®\
if then €lse,
boolean-valued results @ m

real-valued results

if%else
s Y-

invalid tree structure

e Standard Genetic Programming (STGP): different node types [ *3¢%7]
e Non-terminal nodes: type for each child

e Reproduction operations: must obey to these specifications
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e Bloat: uncontrolled growth of programs
e |s it good or bad?

@ Elegant solutions are always simple and small

@® Larger programs = longer processing time for both, reproduction
operations and evaluation

® Larger programs = danger of overfitting

@ Larger programs occupy more memory
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e Bloat: uncontrolled growth of programs
e Is it good or bad?
e Well, OK, if it is bad... then why is there bloat? Some possible
reasons:
@ Useless code hitchhiking and reproducing with good individuals (high
selection pressure = more bloat) [ 1% 143 144l
@® Protection against reproduction operators: mutation in useless code
has no impact = program can survive 15

e So what can we do against it?
@ Use multi-objective optimization: minimize also program size
@ Use penalties in single-objective optimization !

[30, 153, 154]
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e Bloat: uncontrolled growth of programs
e Is it good or bad?
e Well, OK, if it is bad... then why is there bloat? Some possible
reasons:
@ Useless code hitchhiking and reproducing with good individuals (high
selection pressure = more bloat) [ 1% 143 144l
@ Protection against reproduction operators: mutation in useless code
has no impact = program can survive 15
® Removal bias: finite portion of removable useless nodes, but no direct
limit to amount of nodes which can be inserted "*?
@ Overfitting: code one decision for each instance of the training and get
perfect fitness (but no generalization)
e So what can we do against it?
@ Use multi-objective optimization: minimize also program size
@ Use penalties in single-objective optimization [
® Set a conservative upper bound for program size **”
@ Use specialized mutation and crossover operators which minimize
bloat [143, 151]

[30, 153, 154]
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e Genetic Programming evolves programs or trees or graph data
structures

e There are many ways for an Evolutionary Algorithm to match this
definition. . .




Tree-based Standard GP  Strongly-typed GP .
(Forsyth, 1981) (Koza, 1988) (Montana, 1993)
1 1 1
'Iutionary Programming
| et al., 1966)
RBGP |
(Weise, 2007)
rirst Steps Linear GP I
Friedberg, 1958) (Nordin, 1994) (Brameier/Banzhaf, 2001)
1
String-to-Tree Mappings Gene Expression Programmlngl
(Cramer, 1985) (Ferreira, 2001)

Grammatical Evolution
(Ryan et al., 1995)

Grammars GADS 1/2
( 1990) ivesey, 1995) TAG3P
LOGENPRO (Nguyen, 2004)

(Wong/Leung, 1995)

PDGP Cartesian GP
(Poli, 1996) (Miller/Thomson, 1998)

1960 1970 1980 1985 1990 1995 2000 2005
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g[68,150,155—178

Linear Genetic Programmin

1-dimensional genome: list of instructions

Usually variable-length integer string encoding

Similar to (sometimes equivalent to) assembler language with register
memory

: SIN R[0], R[1]

: EXP R[1], R[1]

: ABS R[0], R[2]

: SQRT R[2], R[2]

: SET R[3], 3

: MUL R[3], R[2], R[2]
: ADD R[1], R[2], R[1]

0(x) = ™ *+3\Ix|

>
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e Mutation: Insert or delete instructions

e Crossover: Exchange code between parents

suB R[0], R[1]
e.g., insert
random
instruction
Parent 1 Parent.2

exchange code
sequences
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output node

e

max pass-through node

max
3 +
Y X = @

Y) (X

Some function in tree representation. The same function as graph. The function as PDGP program.

inactive node
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e Evolution: node functions and node connections

output node

m‘f/ax pass-through node

max
* =+
Y) 0 ) @

Y) (X

Some function in tree representation. The same function as graph. The function as PDGP program.

inactive node




Graphs are more general than trees

PDGP: Nodes are arranged in a rectangular grid 797

Evolution: node functions and node connections

Crossover: Exchange sub-graphs

output node

m‘f/ax pass-through node

max
* =+
Y) 0 ) @

Y) (X

Some function in tree representation. The same function as graph. The function as PDGP program.

inactive node
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So what is Genetic Programming good for?

Maths / Symbolic Regression

Art
Computer Graphics
Data Mining

Circuit Design / Digital Technology

Prediction

Economy and Finance
Engineering

Systems Security

Networking and Communication
Multi-Agent Systems / Behaviors

Chemistry
Software (Engineering)

[3.9,14-33]

[34-36]

[2. 16, 26, 37-40]

[6. 8, 37-39, 41-62]

[2. 3, 16, 24, 30, 33, 63-69]

38, 39, 43, 46, 47, 59]

[31, 33, 43-47, 70]

[2. 3, 16, 22, 24, 27, 30, 33, 38, 39, 52, 63-67, 69, 71-96]
[52, 61, 74, 81, 83, 97]

[19, 27, 61, 70-73, 75-77, 82, 83, 90-92, 96-109]
[70, 90, 91, 95, 102, 110-113]

[38. 39, 71-73, 82, 99, 104-106, 114-118]

[2. 6,9, 11-13, 29, 64, 69, 92, 103, 119-125]

Just to name a few. ..



So what is Genetic Programming good for?

e Maths / Symbolic Regression
o Art

3,9, 14-33]

[34-36]

e Compu

* D.ata.k But where are the

e Circuit y p

e Predict ,,real progr_am_s.

e Econol The one’s we write in Java
e Engine and C++??

e System

33, 38, 39, 52, 63-67, 69, 71-96]

Networking and Communication
e Multi-Agent Systems / Behaviors
e Chemistry

e Software (Engineering)

[19, 27, 61, 70-73, 75-77, 82, 83, 90-92, 96-109]
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So what is Genetic Programming good for?

e Maths / Symbolic Regression f5.9.16-33
° Art [34-36]
e Compu .
¢ Data N But where are the 2
® Circuit real“ prograi| =
* Predict The ;ne’s we write  Compute factorial p = a! of ®
® Econor 1|  natural number a )
e Engine and C++77 e
e System 1p = 1; g
e Networking and Communication 2z while(a > 0) { =]
. . ) Lol
e Multi-Agent Systems / Behaviors 3: p=p * a; -
e Chemistry 4 a=a-1; Z
e Software (Engineering) 5} K
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e Evolution of “real” programs is hard because

WM many local optima

rugged fitness
landscape

weak

causality \

small changes in an
individual = large
changes in fitness

high

different parts of the N . .
epistasis

candidate solution
influence each other
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e Epistasis: The type of one instructions determines the behavior of
much of the program

wp = 1; ©p = 1;
2 while(a > 0) { 2 while(a > 0) {
3 p=p*a; vs. |3 P =p + a;
4 a=a-1; 4 a=a-1;
5:} | 5:} \
, _ L

factorial p of a 1+0.5a(a+1)
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e Epistasis: The order of instructions determines their behavior

p = 1;

1 . 1: = ]

2while(a > 0) { 2 while(a > 0) {

3 p=p*Fa; vs.|® a=a - 1;

¢ a=a-1; & p=p * a;

5:} | 5:} \

_ _ i
factorial p of a always 0




e Important lesson: Epistasis aka. Linkage aka. separability is a problem
in optimization! [184-192]
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Epistasis in Genetic Programming %\

e Important lesson: Epistasis aka. Linkage aka. separability is a problem
in optimization! 1%

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

e 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 1% 132971
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Summary §\

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

e Many known applications such as data mining or Symbolic Regression
e ...but danger: bloat!

e Many, many different representations

e Suitable for many types of problems, but not all

e 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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