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Introduction

In computer science a very common task is to solve optimization problems. This includes mini-
mizing, maximizing or, in general, finding the best solution. One can distinguish between deter-
ministic and stochastic methods. While deterministic methods are usually easier to analyze, their
time complexity often makes them impractical. Stochastic algorithms, on the other hand, come
with some uncertainty due to their randomized nature, and may yield a less optimal solution, but
in many cases they provide better results within a reasonable time frame.

Stochastic methods are often combined with a heuristic approach. These kind of algorithms,
also called metaheuristics or black box optimization methods, iteratively generate new candidate
solutions and examine them to decide how good they are. [26] An important task, when designing
such algorithms, is to find a strategy for discovering the search space.

Evolutionary algorithms are metaheuristic optimization algorithms that use the evolution in
nature and the survival of the fittest as the schema for creating, examining and selecting candidate
solutions. [14] The various types of evolutionary algorithms, such as evolution strategies, genetic
algorithms and genetic programming have been used to solve diverse problems from engineering
design optimization to automated construction of computer programs.

The black box paradigm means that the optimization algorithm has little to no information
regarding the structure of the candidate solutions or the solution space itself. The evolution-
ary algorithms usually use some computer representations, also called genotypes to describe the
solution candidates, which are called phenotypes. This duality makes the setup more complex,
meaning that the outcome of changing a candidate to create a new one is often hard to predict,
and sometimes it cannot be guaranteed that the new candidate is a valid solution of the problem.

One method for regulating the evolutionary search is to use formal grammars to guide the
evolutionary process. If the set of the candidate solutions or their representations is a formal
language, that is the set can be described by a grammar, one can restrict the search to the set of
solutions by adhering to the rules of the grammar. Several grammar guided genetic programming
(GGGP) approaches were defined, many of them use context-free grammars for guidance, and
representations of the derivations as genotypes. Operating on derivations instead of solutions
guarantees the validity of the generated candidates. [28]

In this thesis derivation tree based genetic programming (DTGP) is presented. It uses derivation
trees as representations, and defines the evolutionary operators in a way that the results are always
valid derivation trees. The improvement over existing GGGP methods is the extensive use of
parameters. These parameters are stored at each node of the tree, and can be used for various
purposes, such as guaranteeing the balanced behavior of the random node selection, reducing the
evaluation time from linear to logarithmic and to introduce search bias or semantic constraints.
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The results presented in this thesis are based on the five publications listed below in chrono-
logical order:

[45] R. Vényi and Sz. Zvada Awoiding syntactically incorrect individuals via parameterized op-
erators applied on derivation trees. In R. Sharker, et al., editors, Proceedings of the 2003
Congress on Evolutionary Computation CEC2003, volume 4, pages 2791-2798, Canberra,
8-12 Dec 2003. IEEE Press.

[52] Sz. Zvada and R. Vényi Improving grammar-based evolutionary algorithms via attributed
derivation trees. In M. Keijzer, et al., editors, Genetic Programming 7th European Confer-
ence, EuroGP 2004, Proceedings, volume 3003 of LNCS, pages 208-219, Coimbra, Portugal,
5-7 Apr 2004. Springer-Verlag.

[46] R. Vényi and Sz. Zvada Syntactically correct genetic programming. In R. Poli et al., editors,
GECCO 2004 Workshop Proceedings, Seattle, Washington, USA, 26-30 Jun 2004.

[51] Sz. Zvada, G. Kékai, R. Vanyi, and H.H. Frithauf FvolFIR: Evolving redundancy-free FIR
structures. In Second NASA/ESA Conference on Adaptive Hardware and Systems (AHS
2007), pages 439-446. IEEE Computer Society, 5-8 Aug 2007.

[44] R. Vényi Enforcing semantic constraints with derivation tree based genetic programming.
Abstract accepted to oral presentation at Veszprém Optimization Conference: Advanced
Algorithms (VOCAL 2012), 11-14 Dec 2012.

In [45] the foundations of a derivation tree based GP method were introduced including basic
tree operators and random tree generation. In [52] the balanced random node selector was con-
structed and some possibilities for parameter usage were outlined. In [46] DTGP was compared
with other GGGP methods, pool crossover was introduced and the time complexity of the opera-
tors was checked. In [51] a real-world DTGP application, developed with the Fraunhofer Institute
for Integrated Circuits, was introduced, and the first attempts to apply semantic constraints were
made. The first formalization of semantically constrained derivation including distribution sets,
distribution functions and forced synthesized attributes will be presented in [44].

We will proceed as follows. In Chapter 2 and Chapter 3 introductions to evolutionary algo-
rithms and formal grammars are given. In Chapter 4 the motivation behind grammar guided
genetic programming is discussed and the details of derivation tree based genetic programming
are defined. The chapter is closed with a detailed example. In Chapter 5 some improvements
of DTGP are discussed, including a method to apply semantic constraints. In Chapter 6 three
further examples are shown and finally the results of the thesis are concluded in Chapter 7 and
Chapter 8 in English and in Hungarian respectively.



Evolutionary algorithms

FEvolutionary algorithms are optimization methods simulating the biological evolution by searching
for optima using the concept of the survival of the fittest. The idea was already hinted by Alan
Turing in a technical report in 1948 [41, 42], and the field of evolutionary computation saw a
significant development after the 1970’s.

The goal of optimization methods is to find a solution for a problem so that the solution is
optimal with respect to some metric. The search method defines how to find those solutions. A
straightforward method is to check each solution, however, this method is often impractical, even
if the search space is finite. For some problems a fast deterministic algorithm can be given, but for
other problems sometimes the whole search space have to be examined. In this case one possibility
is to find some way to exclude some parts of the search space. One may also have a conjecture,
where to search for the optimal solution. These “guesses” are called heuristics. When an exact
solution is not required, approximation algorithms might also be used.

Throughout this thesis we will use the following notions. Function f to be optimized is called
target function. It is defined over a set S, called solution space. The search algorithm might work
on a superset of the solution space, called hypothesis space. The elements of hypothesis space H
are called hypotheses, candidates or candidate solutions. The elements of the solution space are
called solutions.

Evolutionary algorithms (EA) use a special way to find an optimal solution. They are based on
the evolution that can be observed in nature. [10] When using evolutionary algorithms, the search
method is parallel, this means several hypotheses are examined at the same time. These hypotheses
are called individuals, and they make up a population. The initial population is created randomly.
Afterwards, each hypothesis is evaluated using a fitness function, showing how good a hypothesis
is considered. Then, proportionally to the fitness value, individuals are selected as parents using a
selection operator. Finally, by applying evolutionary operators, such as mutation or recombination
to the set of parents, a new population of offsprings is generated, and the process is started over
with the new population. During the process in the population (also called generation at the end
of a given step) better and better individuals appear. The process is stopped when the so called
halting criterion is satisfied. Usual halting criteria are the number of steps, small or no change in
the best fitness, or reaching close approximation of the optimum.

Usually the hypotheses are complex or abstract constructions that are represented by simple
data structures. The evolutionary operators are applied to the representations, which in turn are
interpreted as hypotheses and evaluated using the fitness function. In the context of evolutionary
algorithms the elements of the hypothesis space, that is the hypotheses are called phenotypes,
whereas the representations, that is the elements of the population are called genotypes.
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There are many types of evolutionary algorithms. They can differ in data type, selection
method, and, of course, in the operators. There may be other, slighter differences as well. The
two major types are evolution strategies (ES) [35, 37] and genetic algorithms (GA). [19, 17] A third
type is the so called genetic programming (GP) [22] which was derived from genetic algorithms.
However, these algorithms are often combined, thus in practice the applied methods sometimes
cannot be classified as pure ESs or GAs. The layout of a basic evolutionary algorithm is represented
by Algorithm 2.1. The implementation of a more general version is described in [43].

EVOLUTIONARY-ALGORITHM(siz€)
1 generation_number =0

2 population := ()
3 while population.size < size
4 do population+=RANDOM-SOLUTION
5 while HALTING-CRITERIA # true
6 do for each individual in population
7 do EVALUATE-FITNESS(individual)
8 parents := SELECT-INDIVIDUALS(population)
9 of fsprings := RECOMBINE (parents)
10 MUTATE(of f springs)
11 while of fsprings.size < size
12 do of fsprings+=RANDOM-SOLUTION
13 population := of fsprings
14 generation_number—+-+

Algorithm 2.1: General evolutionary algorithm

In the following section the basic types of evolutionary algorithms are discussed briefly. First
the data structure is defined for each method together with the operators. Then the selection
method is given, and finally the specialties are mentioned, if there is any.

2.1 Evolution strategies

Evolution strategies were developed by Ingo Rechenberg [35] and Hans-Paul Schwefel [37]. The first
applications were engineering problems, such as optimizing the shape of a pipe, or the structure
of a nozzle. These experiments were not even carried out using computers, but real models were
built, tested and changed.

2.1.1 Data structure

Since the solution is usually a set of physical parameters, the individual is represented by a vector
of real or integer values. For an advanced ES an extended vector is used containing additional,
instance-specific parameters that influence the evolutionary operators. In general the format of
an ES individual is the following:

g = (p,s),

where p = (p1,p2,...,p1) is vector of the object parameters and s = (s1, sa,..., ) is the vector
of the strategy parameters. The strategy parameters are optional. If given, they control how the
object parameters are changed.
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2.1.2 Mutation

In the first ES experiments only the mutation operator was used. This operation simply changes
the elements of the vector by adding random values. These random values must have zero mean
value, and a normal distribution with a pre-defined deviation. When defined, strategy parameters
are used as deviation values, and they can also be changed by mutation. In general, ES mutation
is carried out as follows.

Definition 2.1 (ES mutation)
Given an ES individual g = (p,s). The mutation of g yields a new individual g’ as follows.

g’ = (p',s'), where

P = (p1+&(s1),p2+E&(s2),- .. o1 +E(s1))

s = (m(s1),m(s2),...,m(s;))

and &(s;) is a random value having Gaussian distribution with deviation s;. Function m : R — R
is called mutative stepsize adaption (MSA). When the strategy parameters are not present in the

individual, a pre-defined constant s with s; = sg = ... = s = s is used as deviation.

An example for ES mutation is shown in Figure 2.1. There are 3 object parameters, and
therefore 3 strategy parameters. The MSA function is m(z) = x, so the strategy parameters
do not change. As it can be seen in this example, if the strategy parameters are higher, the
object parameters can change in a wider region. If the strategy parameters are the same for each
individual, then the strategy parameters do not have to be stored with the individuals.

p ) S

g 13 23 5 2 10 100

'U\
n

g | 14 19 34 2 10 100

Figure 2.1: ES mutation

2.1.3 Recombination

For recombination two or more parents are required. The operator works by applying a recombi-
nation function recy : R¥ — R at each position in the parent vectors. Each time this function
is applied, k parents are selected. Depending on whether these parents are selected in advance or
separately for each position, one can distinguish global and local recombinations.

Definition 2.2 (Global ES recombination)
Given a population of n individuals g',g?,...,g" with length I and a parameter 2 < k < n,
k € N. Vector g’ obtained by global ES recombination with parameter % is the following:

/ / / / / / / / !
g = (p 7S ) = (p17p27"'7pl751as27"'7sl)a Where

r_ i1 15,2 ij.k
pj—reck(pj 7p7 7"'ap_j )
;o 1,1 15,2 5,k
sj—reck(sj b 8778 )

and {i;1,%j2,..-45} € {1,2,...,n} is randomly selected for each j.
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Definition 2.3 (Local ES recombination)
Given a population of n individuals g',g2,...,g" and a parameter 2 < k < n, k € N. Vector g’
obtained by local ES recombination with parameter k is the following:

! / ! / / / ! ! !
g =(p',s") = (p},p5,...,0],81,89,.--,5), where

;o i1, 02 ik
pj - Teck(Pj apj P 7p_7 )
/ 1 522 S’Lk

si =reck(s], 85, ..., j)

and {i1,42,...ix} C {1,2,...,n} is randomly selected before applying the operator.

Note that recy has not been defined yet. This is usually done in one of the following two ways,
which are called discrete and intermediate recombinations respectively.

Definition 2.4 (Discrete ES recombination,)
An ES recombination is discrete if recy is the following:

Teck(pl7p27 e 7pk) = Pi,

where i € {1,2,...,k} is a random number with uniform distribution.

Definition 2.5 (Intermediate ES recombination)
An ES recombination is intermediate if recy is the following:

k
1
recy(p1,p2, .-, Pk) = z E Di
=1

It is also possible to define other operators, for example using median value instead of average.
An example for discrete global ES recombination can be seen in Figure 2.2a, and another example
for intermediate local ES recombination in Figure 2.2b. In both cases n = 3, kK = 2 and strategy
parameters are not used.

g! 15 18 | 16 gt

g2l 12 15 | 25 13 g?l 12 | 20 | 15 | 16 | 16 | 13

g®l 18 | 23 | 16 20 | 27 gl 18 | 271 | 25 | 18 | 23 | 15

g | 12 | 23 | 16 | 18 | 20 | 27 g | 15 | 235| 20 | 17 | 195 | 14
(a) discrete global (b) intermediate local

Figure 2.2: ES recombinations

2.1.4 Selection

In ES the selection operator always selects the best p individuals as parents, and puts these parents
into the mating pool. Then using the mutation and recombination operators A new individuals
are created from the mating pool. The new population can be created either as the union of
the mating pool and the set of the new individuals, or as the set of the new individuals only.
When parents survive, it is called (u+A)-ES, when not, we speak about (i, A)-ES. Special cases
are (1,1)-ES, which is random search, and (1+1)-ES, which is a simple hill-climbing algorithm.
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2.1.5 ES algorithm

Algorithm 2.2 describes the general ES algorithm. It can be seen that it is very similar to the
general evolutionary algorithm. However, while the general algorithm does not specify how to
apply the operators exactly, the ES algorithm does. As shown in lines 12-18, first recombination
is applied to the mating pool, and then mutation is applied to the result.

EVOLUTION-STRATEGY (1, A, strategy)
1 if strategy = plus
2 then size := p+ A
3 else size : =\
4 generation_number := 0
5 population := ()
6 while population.size < size
7 do population+=RANDOM-VECTOR
8 while HALTING-CRITERIA # true
9 do for each individual in population

10 do EVALUATE-FITNESS(individual)
11 mating_pool := SELECT-INDIVIDUALS(population, )
12 if strategy = plus

13 then of fsprings := mating_pool
14 else of fsprings := ()

15 for X steps

16 do child := RECOMBINE(mating_pool)
17 MUTATE(child)

18 INSERT(of f springs, child)

19 population = of fsprings

20 generation_number++

Algorithm 2.2: General ES algorithm

There is an extended version of ES, where evolution is applied not only to the individuals but
also to the population itself. It is called meta-ES. In meta-ES multiple populations are used, and
the evolution process is run independently in each population. After a certain number of steps the
average fitness is calculated for each population, and based on this fitness value populations are
selected and recombined to create new populations. It has been observed, that meta-ES provides
better solutions for several problems within the same time. [21]

2.1.6 ES example

To show how ES works, a sample problem from the field of evolutionary design is presented
together with its solution by ES. The problem is the following: Given a fluid storage in the shape
of a cylinder. There are 11 rings in equal distances, and they are covered with some kind of
rubber. The size of the rings can be changed, so the storage will be a union of truncated cones.
The volume of the storage has to be at least a given V. A sample deformation for four rings can
be seen in Figure 2.3. Our task is to minimize the surface area of the storage.

In this case an individual is a vector of the ring radii: g = (rg,71,...,710). Strategy parameters
are not used, and the fitness value is simply the surface of the storage. However, it must also be
ensured that the volume is at least V, thus if the actual volume is smaller, a fitness penalty is
given: a large constant value, for example 50000 is added to the fitness value, thus, the individual
will not be good enough to survive.
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JAN

Figure 2.3: Sample deformation for four rings

To optimize the ring sizes (A, 1)-ES was used with A = 1000 and g = 100. It was run for 100
iteration steps. The initial radius of the rings was set to 5, and the minimal volume was the volume
of the initial cylinder, that is 10 - 5?7. Standard mutation and intermediate local recombination
were used, the latter with k = 2, that is using two parents.

In Figure 2.4a the evolved ring radii are shown in the consecutive generations. In Figure
2.4b the minimal, maximal and average surface is displayed, along with the volume of the best
individual for the first 50 generations, excluding individuals representing too low volumes. One
can see that the best and average fitness gradually converges to the anticipated optimum. It can
also be noticed that the volume sometimes grows, but due to the fitness penalty it never falls below
the minimal value which is approximately 785.4. The found configuration has the following radii
rounded to two decimals: 1.74, 3.52,4.35, 4.88,5.10, 5.22,5.12,4.79, 4.23, 3.40, 1.44; the surface area
is 342.52, the volume is 786.30. The shape of the storage tried to approximate a sphere, which is
known to have the smallest surface area among objects with the same volume.

600 T T T T 1000
maximum —a—

6 avgerage —&— | 9qq
5 550 4~ minimum —»—

N volume
4 ht = 800
3 500 —
) A - 700
1

volume

oL \\.A./‘
- 600
400 - %ANM
4 500

surface

*000000e.
350 - - v vvvrvvvvrrryyer 400
7
Lioo~5 8 ° 300 ! ! ! ! 300
0 10 20 30 40 50
generation
(a) ring sizes (b) surface and volume

Figure 2.4: ES test results

2.2 Genetic algorithms

Genetic algorithms [19, 17] are the most widely used evolutionary optimization methods. With
respect to the data structure GAs model the biological evolution closer than ESs. The most
common data structure is bitvector, but sometimes words over other finite alphabets are used
as well. Due to the similarity to the DNA, the individuals are called chromosomes. Because of
this data type, usually the solutions have to be encoded, for example for real values a binary
representation has to be used. [29] The other consequence of this representation is that genetic
algorithms always make a strict distinction between the solution, that is the phenotype and the
representation, that is the genotype. In each step the genotype is mapped onto a phenotype before
fitness evaluation.
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2.2.1 Data structure

A GA individual is a word in a given length over a finite alphabet:
c=biby...by € X', where

Y is a finite alphabet, often 3 = {0,1}. Word c is called chromosome, a position i is called locus,
a value b; at this position is called gene. The values that b; can take, that is the elements of X
are called alleles. The standard version of GA requires length [ to be constant, but variable length
GA allows it to be different for each individual. [6, 16]

2.2.2 Mutation

GA mutation simply changes a bit b; to its complement b;, or replaces a character with another
character. The probability of mutation is usually low.

Definition 2.6 (GA mutation for bitvectors)
Given a chromosome ¢ = biby...b; € {O,l}l and mutation probability P,,.;. The result of
mutation is a chromosome ¢ = bjbj ...b), where

b — b; with probability P,
7 \b; with probability 1 — P

Definition 2.7 (GA mutation for words)
Given a chromosome ¢ = biby...b; € £!, where ¥ is a finite ordered alphabet. Given mutation
probability Pp,,; and mutation rate Ry, the result of mutation is a chromosome ¢ = b} b5 ... b,

where
b — bj +r; mod |¥| with probability P
¢ b; with probability 1 — Py,
and r; € [—Rmut, —1] U [1, Rpput] is a random value. Sometimes Ry = |X|, so b, can be an

arbitrary element of ¥ with probability P,,.:. In this case ¥ need not be ordered.

Examples for bitvector and word mutations are shown in Figure 2.5.

cf1r 1o f1 1o c/W|F|A|S | E|L
cha oot 1o CIW|E|A|S | E|L
(a) bitvector (b) word

Figure 2.5: GA mutation

2.2.3 Crossover

For genetic algorithms the recombination operation is also more like the one in nature, therefore
the name crossover is used. Several types can be defined such as single-point crossover or multi-
point crossover. In contrast to ES recombination, GA crossover always uses two parents.
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Definition 2.8 (Single-point crossover)
Given two chromosomes ¢ = 12y ... 7iZTip1...2; € X, d = Y192 . . SYiYi+1---Y1 € »! and given
twolocil <i<[—1and1 < j <[—1. The results of crossover are the following two chromosomes:

/ /
d=x122...%Yj41-.-Y, and d = y1y2 ... Y Tig1 ... 2L

Note that if the individuals have to be of the same length, then ¢ = j is required. Multi-point
crossover can be considered as a generalization of the single-point crossover.

Definition 2.9 (Multi-point crossover)

Given two chromosomes ¢ = z12y...2; € X! and d = Y1y2 ... Y € Y. Let us take random
dissociations of these words to 2 < k < [ (possibly empty) subwords: ¢ = ujus...ug, u; € L*
and d = v1va... v, v; € X*. It’s common, but not required to have |u;| = |v;|. The results of
crossover are the following two chromosomes:

¢ =ujul ... up, and d' = vjvh ... v}, where

, u; if ¢ is even , v; if 7 is even
i == . Ui == .
v; otherwise u; otherwise

It is easy to see that single-point crossover is a multi-point crossover with & = 2. An example
for a multi-point crossover with k = 3 is shown in Figure 2.6.

up (] ] u3 Ul V2 . us3
c 1 1 1 0 1 0 d 1 0 0 1 1 0
U1 E V2 E v3 U1 E U2 E U3
d 1 0 0 1 0 0 d 1 1 1 0 0 0
(a) parents (b) children

Figure 2.6: GA crossover

2.2.4 Selection

There are numerous selection methods defined for GA. Usually GA does not select the best in-
dividual, but the selection is fitness proportional. Individuals are selected with a probability
proportional to their fitness values and copied into the parent population. For higher fitness value,
the expected number of copies is larger. Beside fitness proportional selection many other types of
selection methods are defined. For example best selection can be used, which is the same as the
ES selection. Further selection methods are described in the literature. [30]

2.2.5 GA process

An outline of a genetic algorithm is shown in Algorithm 2.3. It can be seen that generating random
individuals is very simple, as shown in line 4, but before evaluating an individual, the genotype
has to be decoded to a phenotype in line 8. Creating the new population consist of selecting two
parents and first applying crossover, which yields two children and then applying mutation to
these children. This is repeated until the new population is filled.
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GENETIC- ALGORITHM(size)
1 generation_number := 0

2 population := ()
3 while population.size < size
4 do population+=RANDOM-STRING
5 while HALTING-CRITERIA # true
6 do of fsprings =0
7 for each individual in population
8 do phenotype := DECODE-GENOTYPE(individual)
9 EVALUATE-FITNESS(phenotype)
10 parents := SELECT-INDIVIDUALS(population)
11 while of fsprings.size < size
12 do parent; := RANDOM-SELECT(parents)
13 parenty := RANDOM-SELECT (parents)
14 (childy, childy) == CROSSOVER(parent, parents)
15 MUTATE(childy)
16 MUTATE(childs)
17 of fsprings+={childy, childs}
18 population := of fsprings
19 generation_number++

Algorithm 2.3: Example genetic algorithm

It must be mentioned that there are several types of GAs, which modify one or more property of
the standard GA presented here. For example real-coded genetic algorithms (RCGA) use real values
instead of bitstrings. [15] One can also modify GA to use it for multi-objective optimization. [11]
The idea of meta-ES can be transferred to GA as well, such that multiple populations can be
used with various interactions. This idea is used by parallel GA [33], distributed GA [39], injection
island GA [25], and many others. [2]

2.2.6 GA example

Let us consider Boolean expressions as words. For this example the alphabet contains variables,
negated variables, operator symbols for conjunction and disjunction and parentheses.

Eb'r’ - {$0,$17x27$3,$4, ‘rfO jla j27j37:f47 /\7 \/7 (7 )}

Our goal is to find an expression representing the Boolean function that is given by Table 2.1.

x  f(x) x  [fx) x  fx) x  fx)
00000 1 01000 1 10000 0 11000 0
00001 0 01001 0 10001 0 11001 1
00010 0 01010 1 10010 1 11010 1
00011 0 01011 1 10011 0 11011 1
00100 0 01100 1 10100 0 11100 0
00101 0 01101 1 10101 0 11101 1
00110 1 01110 0 10110 0 11110 0
00111 1 01111 0 10111 0 11111 0

Table 2.1: The searched Boolean function with x = (x4, x3, x2, 1, Zo)




12 CHAPTER 2. EVOLUTIONARY ALGORITHMS

Since this function has 5 Boolean variables, its domain has 2% = 32 elements, thus the target
function can also be considered as a 32-bit number. Using f(00000) as the most significant bit,
and f(11111) as the least significant bit, this value is 0x83BC2074 in our case.

To ensure that the initial population contains valid expressions only, several rules must be
followed by the random individual generator, as listed below.

e Random words are generated from left to right, adding a new symbol in each step
e Variables and closing parentheses must be followed by operators or closing parentheses

e Operators and opening parentheses must be followed by variables or opening parentheses

The number of closing parentheses must not exceed the number of opening parentheses in
the prefix generated so far

If the number of opening parentheses is greater than the number of closing parentheses at
the end, then extra closing parentheses are added

For crossover and mutation the standard operators are used. It means that invalid individuals
may occur, that is the operators might generate strings that cannot be interpreted as Boolean
expressions. However, one can also allow a permissive evaluation: if a closing parenthesis is
found with no matching opening parenthesis, the individual is considered as valid and the value
is the expression represented by the prefix leaving some unused characters at the end of the word.
This also occurs in biological evolution, where the unused genes are called introns and represent
dormant genetic information. In the following charts the proportion of the invalid individuals will
be represented by a gray area.

The fitness function is calculated as a combination of correctness and length. For each evalua-
tion that matches the target function, the fitness is increased by 1000, and then the length of the
word is subtracted from the fitness value. That is the theoretical maximum of the fitness value is
32000-1.

The result of a test run over a population of 10000 individuals is shown in Figure 2.7. When
strict evaluation is used, one can observe a strange phenomenon: at step 5 the best fitness drops
to approximately 21000, meaning a 21 bit match, and then it remains constant. A few steps
later the number of invalid individuals experiences a dramatic decrease. The reason behind this
can be found by checking the individuals in the population, especially those that contain a single
symbol. These individuals have relatively high fitness values and they are very likely to produce
valid offsprings. For example Zs has 19 matches, and x3 has 21 matches. In this particular test
the first of those individuals appeared in generation 4, and by generation 9 the whole population
was taken over by these.

This means that using the standard GA operators introduced an unwanted bias: the process
preferred those individuals that are likely to produce valid offsprings, instead of those with good
matches, although using permissive evaluation this problem could be eliminated.

The other option is to change the operators to produce valid individuals with a higher prob-
ability. However, we would like to stay within the simple framework of GA, therefore we want
to avoid extensive checks, for example enumerating all the parentheses. Thus only the mutation
operator is changed and the following rules are implemented:

e A conjunction operator symbol is replaced by a disjunction operator symbol, and vice versa

e Variable symbols are replaced by another, randomly selected variable symbol regardless of
negation

e If an opening parenthesis found then another random locus is selected, and if a closing
parenthesis is found then these two are removed
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35000 - 35000 - T

T T T T ] T T T
best —a— average ——  worst —v— ] F best —a— average —4—  worst —v—

30000 [~ . 30000 |- .

25000 4 . 25000 £

20000 f
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fitness

20000 g B

15000 j 15000 B
10000 M 10000 [ T o AP T
[ ] ]
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generation generation
(a) strict evaluation (b) permissive evaluation

Figure 2.7: GA tests with standard mutation

e If a closing parenthesis found then another random locus is selected, and if an opening
parenthesis is found then these two are removed

e If a variable or an operator is selected, then with 20% probability another locus is selected
randomly, and a pair of parentheses is inserted if possible.

These rules still not guarantee correct individuals, but the probability of creating invalid in-
dividuals is low, and the checks can be carried out in constant time. The results of the test runs
using the safe mutation operator are shown in Figure 2.8.

. . 35000 . .

35000 : : : :
F best —a— average —— worst —w ] best —a— average —&— worst —w-

30000

30000 -

25000 4

20000 20000 |-
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@
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o
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o
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=)
@
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o

generation generation

(a) strict evaluation (b) permissive evaluation

Figure 2.8: GA tests with safe mutation

The best individuals found in the four different test runs are summarized in Table 2.2, and the
found Boolean expressions are listed below.

fstd,strict = I3
fstapermissive = Tax3T1V ((Z2ZaZoZ1) V (xoxsT1)) V ((T2xs))x1
fsapestriec: = Ta(Zzz1(21V Zazaz1(((Z0)))))(22) V 20(25(Z1)) V (21)(((21 V (24)))2372)

<

((z1)Zo((((20)(((21))) V &2 V T2))))24)

((.f4) \% 334).732@4532.733?2 V .f4(i‘1 ( (i‘4))))(i‘o)(f1 V i‘g)(xl V xoT1 V (532) V 33‘3)((.%1)))

<
—~
~~ ~—
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fsafe,permissive = xl(((( \ (jl))))xSEQ)
)1173(561 V $0i’1$0)(((j41‘1)) V T2 V 1’4)
Zo

(1(21)) V (T2))
X1 ) ) ((xl V 533.’133) V Qfo)(((ﬂl‘;;)) V xg V 1‘3)

)V (Z2)

V
V

< < <

mutation evaluation result matches length introns

standard strict 0xO0FFOOFF 21 1 0

standard permissive | 0x80FC0074 28 35 4
safe strict 0x83FC2074 31 157 0
safe permissive | 0x83BC2074 32 147 10

Table 2.2: The best individuals found by GA

These results demonstrate various properties of genetic algorithms. On the positive side, GAs
can find good approximations for complex problems even without using background information,
as shown by the first results using standard GA operators. However, Figure 2.7 also shows that in
certain cases GA can easily get stuck in local optima. It is also obvious that GAs cannot guarantee
the syntactical correctness of the phenotype and the attempts to handle invalid individuals might
introduce an undesired bias. To overcome some of these issues, genetic programming extends
the concept of genetic algorithms from strings to complex structures, as it will be presented
in the following section. There are also other approaches for syntactically correct evolutionary
algorithms, some of them will be discussed in Chapter 4.

2.3 Genetic programming

Genetic programming (GP) was developed based on genetic algorithms to generate computer
programs automatically by means of evolution. [22] First, GP was used to evolve LISP programs,
but now GP has versatile applications from circuit design to classification algorithms. The common
in these applications is the high-level data structure. In the first application S-expressions and
expression trees were used, and it is considered as the standard data type of GP. The necessity
of using tree-like structures was shown in the previous section, and can also be illustrated with
the following example. Let us take two logical expressions over the alphabet {4, B,C, A, V, -},
for example AA BV C and ~AV C A B. A GA crossover may result in invalid expressions, like
ANBCAB and AV VC. However, if trees are used, the obtained expressions can easily be kept
valid, as it will be shown in this section. The outline of the algorithm and the selection methods
need not be changed, that is in a GP algorithm they are the same as in genetic algorithms.

It must be mentioned that there are several interpretations of the term genetic programming.
Sometimes any kind of EA operating on trees or complex structures is referred to as GP. Sometimes
researchers, however, restrict the definition to the evolution of S-expressions or other executable
structures. In this thesis the term genetic programming is used to describe evolutionary algorithms
that are operating on syntactical or structural descriptions, such as S-expressions, derivation trees
or flow-graphs.

2.3.1 Data structure

As mentioned previously, the most common data type of genetic programming is the abstract
syntax tree used to describe expressions of a programming language, for example LISP symbolic
expressions, also known as S-expressions.
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Example 2.10 (GP Data structure)

Let us take the S-expression (+ 1 2(IF(>time 10)3 4)). This means add 1 and 2 and 3 (if time
is greater than 10) or 4 (otherwise). In C-style syntax this is 1+2+((time>10)73:4). The trees
for these expressions, that is the GP individuals can be seen in Figure 2.9.

(a) LISP S-expression (b) C-style expression

Figure 2.9: Examples for GP individuals

A very important restriction on GP objects is the closure property. [22, 34] On one hand
this requires type consistency, which means that all arguments and return values must have the
same type. It is required because the evolutionary operators can replace subtrees arbitrarily
and a subtree representing an argument might be replaced by a subtree representing any kind
of expression. On the other hand, the closure property includes evaluation safety, meaning that
every possible expression represented by a subtree must evaluate to a result, so that it is possible
to evaluate the solutions and assign fitness values to them. It must be mentioned that there are
ways to remove these restrictions, as it will be shown in Section 4.1.1.

2.3.2 Mutation

GP mutation replaces a subtree with a randomly generated subtree. In practical applications this
operator is usually parameterized not to allow arbitrary large subtrees to be removed or inserted.
This parameter can be considered as the counterpart of GA mutation radius.

Example 2.11 (GP mutation)

Let us take an expressions over the alphabet {4, B,C,A,V,—,(,)}. For example (AV B) A —C.
A possible mutation of this expression is shown in Figure 2.10. The result is the valid expression
(Cv—=A)v—-C. From this example it can also be seen that canonical GP cannot guarantee anything
about the semantics. For example the result of this mutation is an always false expression.

Figure 2.10: Example for GP mutation
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2.3.3 Crossover

Crossover works similarly to mutation. Given two trees, a node is selected in both and then the
subtrees are swapped.

Example 2.12 (GP crossover)

Let us take two logical expressions over the alphabet {A, B,C,A,V,—}, AABV Cand -AV C A B.
An example for a crossover using these expressions are parents is shown in Figure 2.11. The results
are expression AV C and AN BV C A B. It is easy to see that any subtree can be selected for
crossover, the resulting expressions will be valid. This holds for all logical expression represented
in tree-form.

Figure 2.11: Example for GP crossover

The GP operators may have several parameters, for example the height of the changed subtree
can be maximized. Other kind of tree structures can also be used as representation, and there is GP
approach not using trees, called linear GP. [7] Further operators can also be defined for example
permutation, or encapsulation. Another technique is the evolution of so called automatically defined
functions (ADF's) [27], where subtrees can be reused, just like methods or functions in computer
programs.

2.3.4 GP example

Let us consider an example for a GP process. The goal is to find the Boolean function defined in
Table 2.1 and used for the GA example. In our solution the internal nodes of the GP individual
are the Boolean operators A and V, whereas the leaves are the variables and the negated variables.
Even though this means that subtrees cannot be negated, it will not introduce a restriction,
because of the fact that =(AA B) = “AV =B and =(AV B) = “AA-B. The fitness function will
be the length of the expression. Here the length is defined as the number of the variables and the
binary operators. The length of the negated variables is 1. To ensure that the expression stays
equivalent to the target function, an evaluation is done for each individual, and if the expression
is no longer equivalent, a fitness penalty is given.

To be able to write expressions in a short form, negated variables are denoted by Z; ... Z5, and
the A operation is not written out explicitly. So for example z1Z2 means x1 A (—z2). The results
of a GP optimization run are the following.

The length of the starting expression is 127:

T1T2T3T4T5 V T1X2T3T4T5 V T1T2T3L4T5 V T1T2T3T4T5 V T1T2X3T4T5 V
I152f31’4.’f5 \Y
1’1.’E2(f3i’4.’£5 \Y $1$2f3$4i’5 V $1$2.’f3$4$5 V $1Z2$3f4$5

The population contained 1000 individuals and the process was run for 1000 steps. It took
about 8 minutes on a Pentium III system. The length of the Boolean expressions during the
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evolution process are shown in Figure 2.12. The length of the shortest expression after 1000 steps
was 71:

From this example it can be seen again that a simple GP process does not consider the semantics
of the evolved objects. When we want to further minimize the last expression manually, it is easy
to point out that (x4 V z4) could be replaced by x4. This is because GP (like all EA processes)
makes the decision based only on the fitness value.

130

expression length

120

110

100

length

90

80 r L‘ ]
70 ! ! ! !
0 200 400 600 800 1000

generation

Figure 2.12: Results of the GP test problem

Note that it is common to run evolutionary processes several times, because due to their
stochastic nature, independent runs can come up with different solutions, some of which might be
better than the results of the first run. For example after 1000 steps of another run with exactly
the same parameters, a shorter expression appeared with a length of 57:

This example also illustrates the shortcoming of GP that it ignores the semantics of the evolved
individuals. To find an appropriate expression, we used the total disjunctive normal form for the
initial population, instead of randomly generated individuals as it is usual with evolutionary
algorithms. Unfortunately if we decided to randomly generate the initial population, most of it
would contain logical expressions describing a different Boolean function. Even using our way to
initialize the population, during the evolutionary process many individuals are created that are
syntactically correct, but semantically different. These are excluded from the parent population
using fitness penalty, which might be effective but very inefficient, because it narrows down the
search area and slows down the convergence. This issue will be revisited later in this thesis and a
solution is proposed in Section 5.2.
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Grammars and formal languages

In this chapter the basics of grammars and formal languages are summarized. For a detailed
description the interested reader might check [20], or any textbook on this topic.

An alphabet is a finite, non-empty set of symbols, or letters, usually denoted by . An asso-
ciative operation, called concatenation is defined, denoted by a; - as for ai,as € 3. The result of
concatenating zero or more symbols is called word, and is usually denoted as a sequence of letters
without the concatenation symbol. A special word is the empty word, which is denoted by A.!
The set of all words generated from the symbols in ¥ using concatenation is denoted by ¥*. In
other words (X*, -) is the free monoid over X, with identity element A. The subsets of ¥* are called
formal languages.

3.1 Generative grammars

The most commonly used tools to describe how to build languages from the symbols of an alphabet
are the formal grammars as proposed by Chomsky. [8]

Definition 3.1 (Generative grammar)
A generative grammar G is a 4-tuple G = (N, %, P, S), where

(i) NV is an alphabet of nonterminal symbols,

(ii) X is an alphabet of terminal symbols, with N N% = (),

)
)
(i) P Cc (WUD)" x (MUX)* is a nonempty finite set of rewriting rules, and
(iv) S € N is the start symbol.

The rewriting rules have the form (a, 8), which is written as « — §, where « is called the left-
hand side and S is called the right-hand side of the rule. Note that o has to contain at least one
nonterminal. Several rules can be written together if their left-hand side is the same, for example
S — abc and S — bS can be written as S — abe | bS. In this thesis the following conventions are
used: nonterminals are denoted by capital letters (A, B,C,...), terminals are denoted by small
letters (a,b,c,...). Words containing only terminals are also denoted by small letters, but from
the end of the English alphabet, starting with u (u,v,w,...). Arbitrary words are denoted by the
letters of the Greek alphabet (o, 8,7,...), except A, which denotes the empty word.

1 Another usual notation for the empty word is .

19
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Grammars generate languages using derivations. The start symbol is taken, and then it is
replaced using an appropriate rule. There may be nonterminal symbols in the new word, so they
are also replaced. It is repeated until a word containing only terminal symbols is reached. Since
there are usually multiple rules that can be applied, more than one word can be generated using
a single grammar.

Definition 3.2 (Direct derivation)
Direct derivation over grammar G = (N,X,P,S), denoted by =¢, is a binary relation over
(MUX)*. For any 7,0 € (N UX)* v=¢ 4 if and only if Ip,7 € (N UX)* and an o —  rule in
P such that v = pa and § = pB.

Definition 3.3 (Derivation)
Derivation is the reflexive transitive closure of the direct derivation relation, that is =%. If it is
unambiguous, the grammar is not indicated, and the derivation relation is denoted by =*.

Remark 3.4
Derivation is reflexive, thus v =* . Derivation is also transitive, therefore derivations can be
concatenated, that is if X =* oYy and Y =* § then X =* afy.

Definition 3.5 (Derivation sequence)
Derivation sequence for a given grammar G is a finite sequence of words

Oé(),01170(2,-.-,01n

such that a; =¢ a;41. The length of the derivation sequence is the number of direct derivation
steps, that is n.

Note that v =7, § if and only if there exists a derivation sequence such that a; = v and o, = 4.
Often a derivation sequence is also called derivation. With the help of derivation the generated
language can be defined as follows.

Definition 3.6 (Language generated by a grammar)
A language generated by grammar G = (N, X, P, S) is

LG)={ueX"|S=¢u}

Sometimes, however, one does not need the whole generating power of the grammars. There-
fore the allowed form of the rewriting rules can be restricted or changed, so the class of the
possibly generated languages also changes. Chomsky introduced several types of grammars, they
are described by the following definition.

Definition 3.7 (Grammar types)
A grammar G = (N, %, P, S) is

type 0 or phrase structure, if there are no restrictions.

type 1 or context sensitive, if rules have the form aAS — adf, where o, 3,8 € (N UX)* and
d # A. The only exception is rule S — A (that is = § = § = A), but in this case S cannot
be on the right-hand side of any other rule.

type 2 or context-free, if rules have the form A — o, where A € N and a € (M U X)*.

type 3, reqular or right linear, if rules have the form A — v or A — uB, where A,B €
and u € ¥*.
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Definition 3.8 (Language types)
A language L C X* has type i for 0 < i < 3, if there exists a grammar G of type 7 such that
L = L(G). The class of languages of type i is denoted by L;.

Remark 3.9
A regular grammar is context-free. Furthermore, it can be shown that £3 C Lo C L1 € Lo.

3.2 Derivation trees

Derivations over context-free grammars can easily be visualized. One can consider the letters
of the derived word as nodes. When a nonterminal symbol is replaced with a string, that is a
sequence of symbols, these symbols can be represented as children of the node representing the
original symbol in a tree structure. Since the derivation starts with a single symbol, the structure
representing the full derivation will be a single connected acyclic graph, that is a tree.

Definition 3.10 (Derivation tree)

Given a context-free grammar G = (N, X, P, S). For a terminal symbol a € ¥ the set of derivation
trees rooted in a is T (a) = {a}. For a nonterminal symbol A € N the set of derivation trees rooted
in A is the smallest set 7 (A), where

(i) The tree having exactly one node (its root) labeled with A is in 7(A). This tree is denoted
by A.

(ii) If A — X € P, then the tree having a root node labeled with A and exactly one successor
node of the root labeled with A is in 7(A). This tree is denoted by A[)].

(iii) f A — X;...X, € Pand T; € T(X;) for i = 1,...,n, then the tree having a root node
labeled with A, n successors labeled with Xi,..., X, in this order from left to right and
Ti,...,T, subtrees rooted in the nodes denoted by X;,..., X, is also an element of T (A).
This tree is denoted by A[Th,...,Ty).

Definition 3.11 (Frontier of a derivation tree)
Let T be a derivation tree rooted in X. The frontier of T is denoted by fr(T'), and defined as
follows.

(i) T =X then fr(T) = X.
(ii) If T = X[A] then fr(T) =\
(iii) I T = X[T}, ..., T,] then fr(T) = fr(Ty) - ... fr(T,).

One can also use any property defined for common rooted trees, for example height or size.
In this thesis some of these properties will be used with the following remark: the breadth of
a derivation tree is the number of leaves, whereas the width is the length of the frontier, that
is the total number of symbols in the leaves excluding A. By definition of the derivation tree,
the difference is exactly the number of A-nodes, but a compact implementation might merge
neighboring nodes with terminal labels, significantly reducing the number of leaves, that is the
breadth of the tree.

Example 3.12

An example for a derivation tree is shown in Figure 3.1. The tree is S[aS[ab]bS[ab]] for grammar
G = ({S},{a,b},{S — aSbS | ab},S). The height of this tree is 2, the frontier is aabbab, the
width is 6 and the breadth is 6 for the standard tree and 4 for the compact tree.
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(S)
a (S)|bl|(S
Lab| [ab]

(a) standard (b) compact

Figure 3.1: Example for derivation tree

Theorem 3.13 (Relation of derivations and derivation trees)
For any X € (NWUZX) and o € (N UX)*

X="aif,and only if 3T € T(X) : fr(T) = «

Proof 3.14
A constructive proof is given by induction.

(i) X="a—=3TeT(X): fr(T) =« is shown by induction on the length of the derivation.

e For a trivial derivation X =* X tree X is in 7(X) by item (i) of Definition 3.10 and
fr(X) =X by item (i) of Definition 3.11.

e Now let us assume that the statement is true for derivations of length n. Let us take a
derivation of length n 4+ 1: ag,a1,. .., 0, @pt1, Where ag = X and a1 = .
By the definition of the derivation sequence, a,, = a1, thus Ip, ¥, 3 € (M UX)* and
3Y € N such that a,, = Y9, a1 =B andp: Y — B € P.
By the induction assumption 37" € T (X) such that fr(T) = a,. It means that

Jr(T)=an =Y =9 fr(Y) 4

According to item (i) of Definition 3.10, for each letter Z; in word 5, tree Z; is in T (Z;).
Therefore by item (iii) tree 7" = Y[Z1,..., Zg] is in T(Y'), which in turn means that
taking tree T' and replacing leaf Y with tree T”, the resulting tree 7" is in T(Y). The
frontier of the resulting tree by applying items (iii) then (i) of Definition 3.11 is:

fr(ry =p-fr(T") V=9 fr(Z1) ... fr(Zy) - =pZ1 ... Zktp = pBY = ayi1
(if) T € T(X) : fr(T) = « - X =* « is shown by induction on the definition.
e For tree T'= X with fr(T) = X we can use the trivial derivation X =* X.

e For tree T'= X[A] with fr(T) = X there exists a rule p : X — A, thus X = \.

e For tree T = X[T1,...,T,] with T; having a root node labeled with X; there must be
arule p: X — X;...X,, € P. Furthermore fr(T) = fr(T1)-...- fr(T,). The induc-
tion assumption is that X; =* fr(T;) = ;. By applying Remark 3.4 to concatenate
derivations, we get the following:

X =1 X1 XoX3... X, 1 X,
=% o XoXs3... X, 11X,
=* Ckl(lQXg...Xn,an

=% ajaoag...a,_1X,

U;(-

1003 ...0L_100h =
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Remark 3.15 (Left derivation)

In the above construction a derivation sequence is described, where in each step the leftmost
nonterminal is replaced using an appropriate rule. These derivation sequences are called left
derivations. Usually derivation trees describe more than one possible derivation sequences, but
there is a one-to-one mapping between left derivations and derivation trees. Figure 3.2 shows an
example for a left derivation and the (partial) derivation trees associated with each step.

S aSbsS aabbS aabbab

Figure 3.2: Derivation sequence with derivation trees

Corollary 3.16
Given a context-free grammar G = (N, X, P, S). For any v € ¥* u € L(G) if and only if there
exists T € T(S) such that fr(T) = u.

Remark 3.17

According to the definition of derivation trees, the frontier can be an arbitrary string. Due to
Corollary 3.16, however, derivation trees with terminal frontier are of particular interest. These
are referred to as complete derivation trees, whereas trees having at least one nonterminal symbol
in the frontier are called partial derivation trees. The set of complete derivation trees rooted at
the start symbol is denoted by 7(G), that is

T@)={TeT(S)| fr(T)ex"}

Using this definition Corollary 3.16 can be written as follows.

r(T@) = J {0} =L@

TeT(G)

From the derivation tree representation one can infer an interesting property of the context-free
grammars. As both alphabets are finite, if a derivation tree is sufficiently large, there is a path
between the root and a leaf that contains the same nonterminal symbol at least twice. Taking
these two occurrences the path between them can be removed from the tree, or it can be inserted
multiple times causing two parts of the frontier to be multiplied. This property is stated by the
following lemma.

Lemma 3.18 (Bar-Hillel Lemma)
For every context-free language L there exists an integer p > 1 such that any word u € L with
|u| > p can be written as u = vwzyz such that |wzy| < p, lwy| > 1 and Vn € N vw"zy"z € L.

3.2.1 Regular grammars and derivation trees

As mentioned earlier regular grammars are also context-free grammars, therefore the concept of
derivation trees can be applied to them as well. Regular grammars only allow a single nonterminal
on the right-hand side of the rules, and it can only be on the last position. This means that for
every node of a derivation tree all but the last successor nodes must be leaves.
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3.2.2 Derivation tree sizes

In this thesis derivation trees will be used as data types, therefore it is interesting to examine
the relation between the size of the words, derivations and derivation trees. For examining this
relation, an important property is the number of terminal symbols on the right-hand side of the
rules. Therefore, in this thesis we will use the following definition.

Definition 3.19 (Size of a rule)

Given a context-free grammar G = (N, A, P, S). For a rule r : A — 3 the size of r is the number
of symbols in S denoted by |r|, that is |r| = |8|. The terminal size of r is the number of terminal
symbols in 8, and it is denoted by |r|s. The size of the longest rule is denoted by |7|, that is

|7| = max |r|
rep

As mentioned before, the length of a derivation sequence aq, a1, .. ., ay is the number of deriva-
tion steps, that is k. The size of a tree T' is the number of nodes, which can be calculated recursively,
as one plus the sum of the sizes of the subtrees. The length of the derived word is calculated as
usual. Between these values a correlation can be found as shown by the following theorem.

Theorem 3.20 (Correlation of derivation related sizes)

Given a context-free grammar G = (N, S, P, S). For an arbitrary derivation sequence ag, a1, . ..,
with ap € 3*, let us denote the size of the assigned derivation tree by s and the length of the
derived terminal word «j by n. In this case

s = 0O(k) (3.1)
Furthermore, assume that

k
Zi:1 |ri|s

1, 3.2

Ll > (32)

where r; = A; — (; is the rule applied in derivation step 7. In this case the following also holds
k< n (3.3)

Remark 3.21

The assumption described by Equation 3.2 means that on average at each step at least one non-
terminal symbol is added to the word. Note that if the grammar is in Greibach normal form, this
condition is always true.

Proof 3.22
The size of the derivation tree is the number of nodes introduced by each rule, plus one for the start
symbol. The number of nodes introduced by a rule is the number of symbols in the right-hand
side. That is

k k
s=1+> |r| <1+> || =1+k-|f| = O(k)
=1 =1

The length of the derived word is the sum of the nonterminal symbols added by the rules, that
is if Equation 3.2 holds

k
k<) |rils =n
i=1
O

This theorem means that using a derivation tree is asymptotically not worse than using a list
of the applied rules. Furthermore, if Equation 3.2 holds, the derivation tree is asymptotically not
larger than the word itself.
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3.3 Attribute grammars

It is possible to increase the generating power of context-free grammars by defining attributes for
the symbols and assigning values to these attributes during derivation. [3] For example, without
using attributes, language {a™b"c¢"} cannot be generated by any context-free grammar?, but there
is an attribute grammar that generates this language.

In this thesis we will not use the additional generating power of attribute grammars, but the
concept of assigning attributes to symbols is very useful, thus a short definition is given here.

Definition 3.23 (Attribute grammar)
An attribute grammar AG is a quadruple AG = (G,SD, AD,R), where

(i) G is a context-free grammar,
(ii) SD is the semantic domain, defining the attribute types, functions and relations

(iii) AD contains the attribute descriptions defining the set of synthesized and inherited attributes
Attrg and Attry respectively, the types of these attributes and the assignment of attributes
to symbols of G. Attributes assigned to a symbol are denoted by attaching the attribute to
the symbol using a dot, for example S.a

(iv) R ={R(p) | p € P} is a family of sets defining the semantic rules for each rewriting rule of
grammar G

Remark 3.24

It happens often that one nonterminal symbol appears multiple times in a given rule. In this
case, to avoid confusion when defining semantic rules, all occurrences are indexed. For example
an attribute length for the left-hand side symbol of a rule S — aSbS can be defined as follows:

So — aS1bSs So.length := Sy.length + Ss.length + 2

When a derivation tree is created using an attribute grammar, the semantic rules are evaluated
for each rule that is applied. If a rule defines a calculation schema for an attribute, then the
calculated value is assigned to the given occurrence of the attribute in the derivation tree. Such
a derivation tree is called decorated derivation tree. Sometimes the calculation schema defines a
value based on the values found in the parents. These attributes are called inherited attributes. In
other cases the values in the parents are calculated based on the values in the subtrees. These are
called synthesized attributes, and they can be calculated after the subtrees have been constructed.

In this thesis the following assumptions will be used regarding attributes. An attribute a is
called inherited if for each rule X — Y1Y5...Y,, the calculation schema is the following:

Yia= f.(X.a,Y1.q,...,Y;_1.0),
and synthesized if the calculation schema is the following:
X.a=g,M1.0,Ys.q,...,Y,.a).

More formal definitions are not required for the purposes of this thesis, nevertheless they can be
found in the literature. [12] Informally inherited attributes can also be called top-down attributes,
whereas synthesized attributes can be called bottom-up attributes.

The semantic rules not only include rules defining values, but also rules that define conditions.
These conditions determine when a rewriting rule can be applied based on the values of the
attributes.

2Tt is the classical example of a language that cannot be generated by context-free grammars. This fact can
easily be proven using the Bar-Hillel lemma.
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Example 3.25
The following attribute grammar generates language {a™b"c" | n € Z*}.

e G=({A,B,C S} {a,b,c},{S— ABC,A—alaA,B—b|bB,C — c|cC},S)

e The semantic domain is (ZT, {+}, {=}), that is the set of positive integers with the addition
operator and equality relation.

e We define one attribute: count, it is assigned to nonterminals A, B and C.

e The semantic rules are defined as follows

S — ABC A.count = B.count = C.count
A—a A.count :=1

Ag — aAy Ag.count = Aq.count + 1
B—b B.count :=1

By — bB; Boy.count := By.count + 1
C—c C.count :=1

Co — cCy Coy.count := C7.count + 1

There is one semantic rule defining a condition allowing only derivations where the three
subtrees for a*, b* and ¢* have the same number of letters. The rest of the semantic rules are used
to define the value for the count attribute, counting the number of letters.

As it is shown by the example above, a straightforward way to define the semantic domain SD
is to use the set of integer or real numbers and the usual arithmetic operators and relations.



Derivation tree based genetic programming

Evolutionary algorithms can be efficiently used to solve various problems without using any infor-
mation on the problem domain. Only a representation form and an evaluation function is required.
This property is called black box principle, and this simplicity is one of the most appreciated char-
acteristics of these algorithms.

However, this setup has a disadvantage; sometimes invalid solution candidates are produced.
Changing the evaluation function to check, replace and correct these candidates requires processing
time. Modifying the algorithm to avoid such individuals, or changing the evaluation function to
be able to handle them might even introduce an unexpected bias. Derivation tree based genetic
programming (DTGP) gives a solution for this problem. It is a modification of canonical genetic
programming to use derivation trees over a context-free grammar as individuals to introduce
syntactical restrictions without significantly increasing the complexity of the algorithm.

In this chapter the issues with the canonical evolutionary search are presented, then existing
grammar based approaches are discussed. In the main part DTGP is defined, the data type
is introduced and the operators are constructed. The chapter is concluded with an example to
illustrate how DTGP works. In later chapters it will also be shown that DTGP not only solves
the problem of invalid individuals, but also provides further improvements over canonical GP.

4.1 Canonical evolutionary search

A usual setup for evolutionary optimization is shown in Figure 4.1. The set of hypotheses H for a
given problem is described by a set of representations R. In GA terms they are called phenotypes
and genotypes respectively. The elements of R are also called individuals when they are part of
a population. In most cases only a proper subset of H contains the solutions of the problem, let
us denote this set by S. The hypotheses outside of this set are referred to as incorrect hypotheses.
The set of representations describing the solutions is denoted by R,. The elements of R, can be
evaluated using the fitness function, therefore they are called valid representations. The goal of
the process is to find an element of R, that represents an element of S which is optimal with
respect to the selected fitness function.

In a common EA the operators work on a population containing elements of set R and nothing
guarantees that an operator applied to an element of R, results an individual within R,,. In other
words operators may lead out of R,. Usually R, is not even defined explicitly. Let R., denote
the smallest subset of R that is closed under the evolutionary operators and contains R,. The
elements of R, describe the hypotheses in set H,.

27
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Figure 4.1: Common setup for optimization with EA

4.1.1 Invalid individuals

If the smallest closed subset of the representations is larger than the set of valid representations,
that is R, C Req, the algorithm may produce an individual " € R, \ R, such that r’ evaluates
to h' € Heo \ S. This means that an invalid hypothesis is generated. There are several approaches
how to handle this issue.

The invalid individual can be thrown away, and a new individual can be generated. This needs
extra time and in extreme cases no valid individuals can be generated from certain parents or
pairs of parents.

It is also possible to correct the invalid individuals, but this also takes some time and might
cause the evolutionary algorithm to be unbalanced. For example if the valid representations are
nonnegative integers, and negative numbers are replaced by 0, then 0 will occur with a very high
probability. When the absolute value is taken, 0 will only have half of the probability of the
positive numbers. This can be more difficult for complex representations like trees.

The invalid individuals can be left in the population and penalized with bad fitness values, but
this increases the search space and decreases the useful size of the population, just like in the case
of the GA example presented in Section 2.2.6.

All the approaches mentioned above allow invalid individuals to occur and rely on an evaluation,
which itself might need additional time to handle them. The other possible approach is not to
allow such individuals at all, that is to modify the representation or the evolutionary operators so
that R., = R,. This can be done in three different ways.

Allow any hypothesis The simplest way is to define the problem and the sets H and R so that
any hypothesis is a solution. This requires no change in the evolutionary algorithm. An
example for this approach is the canonical GP as proposed by Koza. [22]

Restrict operators The straightforward approach is to modify the operators. This, however,
might not be a simple task. This is how strongly typed genetic programming works. [31]

Redefine representations The third possibility is to redefine the set R, so that R, is closed
under the evolutionary operators. This might also require some small changes in the oper-
ators. This approach is followed by grammar guided genetic programming techniques, such
as DTGP.

All the examples mentioned above are special types of genetic programming. This is because
syntactical restrictions are easier to implement using high-level data structures, for example ex-
pression trees. However, it is also possible to use bitvectors and GA based methods, for which an
example will be shown later in this chapter.
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4.2 Strongly typed genetic programming

The original GP algorithm uses LISP S-expressions, but the operators are not restricted. This
might cause problems as shown in Figure 4.2. The parent tree contains an if-then-else branch
with three subtrees: a condition and two expressions. However, after applying an evolutionary
operator, the condition might be replaced with an arithmetic expression.

(a) parent (b) offspring

Figure 4.2: Syntactical error caused by GP operators

To handle this problem, canonical GP defines how to interpret arithmetical expressions as
conditions, and in general it defines implicit conversion for each type. In GP terms it is the
closure property that was described in Section 2.3.1. Although it works for S-expressions, it is not
a generic solution, and with other data types this issue may still occur.

Strongly typed genetic programming (STGP) [31] was directly designed to solve this problem.
It defines a set of types, and it assigns types for each function and each parameter. Furthermore,
the functions have pre-defined arities as well, that is the signature for each function is defined.
Formally it means the following. Let 7 be a set of types and F be a set of function symbols. A
signature o is a triplet, that is an element of 7 x F x T*. Signature o = (¢, f,t1t2...t,) can be
written as ¢ f(t1,t2,...,t,), and it means that function f takes n parameters of type t1, to, ... t,
respectively, and it returns a value of type t.

An example for a set of signatures can be seen in Figure 4.3. These signatures describe a set
of functions built from the usual arithmetical operators (+, —, %, /), logical operators (—, |, &) and
the ternary operator i f, which takes a logical expression and two real expressions and depending
on the value of the logical expression returns the value of the first or the second expression.

real | + (real,real) bool | = (bool) real 0 0
real | — (real,real) bool | |  (bool,bool) real 1 )
real | * (realreal) bool | &  (bool,bool) bool | false ()
real | / (realreal) real | if (boolrealreal) bool | true ()
a) real functions b) Boolean functions c) constants

Figure 4.3: Example set of signatures

STGP uses parse trees to represent the solutions, just like canonical GP. However, the operators
are restricted. Mutation and crossover are only allowed if the return type of the expression
represented by both the old and new subtrees are the same. Furthermore, when a random subtree
is generated, it is done based on the signatures, which means the number of the subtrees is the
same as the arity of the function represented by the node, and the return types of the subtrees
match the parameter types of the given function.

STGP can be used to evolve syntactically correct expressions or even programs. The notion of
signatures can be generalized even further to define each possible branching in the evolved trees,
although it might be difficult to set it up for certain problems. A disadvantage of STGP is that
the operators must follow the signatures, which also increases the time complexity.
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4.3 Grammar guided genetic programming

Another approach recently gaining popularity in the GP arena is grammar guided genetic program-
ming (GGGP) [28], which assumes that the set of valid individuals is a context-free language, and
uses context-free grammars to guide the evolutionary process. There are two approaches depending
on the data type. Tree based GGGP uses derivation trees as representation, and the evolutionary
operators work on these trees. DTGP uses this approach. The second approach is linear GGGP,
where the individuals are binary or integer vectors that represent the derivation sequences.

Tree based GGGP

One of the first experiments were done by Gruau [18], who used context-free grammars and deriva-
tion trees to check the validity of the individuals. However, after the verification the derivation
trees have been deleted and had to be created again for new individuals.

Whigham [47, 48] represented the individuals in the population as derivation trees and applied
the operators directly to them. The limitation of his approach is that the trees cannot be param-
eterized, thus the operators can be influenced only by global parameters. For instance, in order
to keep the trees of the populations smaller than a global MAX_DEPTH parameter (set by the
initial population), the oversized trees produced by the operators are simply thrown away.

Grammatical evolution

The most popular linear GGGP method is grammatical evolution (GE) [36, 32]. It uses bitvectors
to represent the individuals, which makes it possible to use all the methodologies and knowledge
from the field of genetic algorithms. The outline of this approach is shown in Figure 4.4.

,,,,,,,,,,,,,,,,

{07 1}* E*
Frd

ba |

T(G)

Figure 4.4: Outline of GE

The hypotheses are assumed to be words over an alphabet ¥. The set of solutions are described
by a grammar G, thus R, = L(G). The valid representations, that is the words of language L(G)
can be described by left derivations, which in turn are represented as index vectors in binary
format. GE uses these index vectors as individuals.

To recall Remark 3.15, there is a one-to-one mapping between derivation trees and left deriva-
tions. Thus it can be assumed that the index vectors represent complete or incomplete derivation
trees, that is elements of 7 (N 'UX), even though these are not constructed explicitly by GE. These
trees will be complete derivation trees from 7 (G), except in some extreme cases discussed later.

Thanks to this simple representation, GE needs less storage than the tree based approaches,
although as shown by Theorem 3.20, there is no asymptotic difference, unless cyclic bitstrings are
used. Nevertheless, the evolutionary operators as well as random tree generation are very fast.
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However, this approach has some disadvantages. First of all, as only the sequence of the rule
indices is stored, the derivations have to be carried out and the derivation trees, or at least their
frontier must be computed to get the actual solution. This might require a significant amount
of time. Furthermore, there is no one-to-one mapping between bitstrings and derivations. The
problematic cases are the following:

Incomplete derivations might come up if the bitstring does not contain enough rules to finish
the derivation. This can be solved by using a cyclic bitstring, that is if the end of the bitstring
is reached before the derivation is finished, the process starts again from the beginning of
the string.

Infinite derivations might be represented by certain cyclic bitstrings. This issue does not occur
if the derivation process is stopped when reaching the end of the string.

Unused suffix might be present if the derivation finishes before reaching the end of the bitstring.
These elements are also present in nature; they are called introns and they represent dormant
genetic information.

Depending on whether cyclic bitstrings are used or not, the infinite or incomplete derivations
have to be detected and either discarded or penalized by bad fitness values. Such an individual is
marked by b, in Figure 4.4. As it can be seen it maps to a tree, but not necessarily a complete
finite derivation tree, thus it cannot be mapped to a hypothesis in >*.

4.4 Basics of DTGP

Derivation tree based genetic programming is a tree based grammar guided GP method. Its outline
can be seen in Figure 4.5. The representations are derivation trees over a pre-defined context-free

TNUY) o*

Figure 4.5: Outline of DTGP

grammar G. The solutions, that is the words of the language L(G), can be found at the frontier
of these trees. The evolutionary operators are defined so that they only produce valid derivation
trees. As a consequence, only valid hypotheses can be generated by the evolutionary process. The
basics of this method are very similar to the one proposed by Whigham [47], but DTGP uses
parameterized derivation trees to improve the algorithm.

4.4.1 Derivation tree data type

The exact method of storing the derivation trees is not important for the theoretical foundations.
However, we will have to refer to certain parts, components or properties of a tree. These are
shown in Figure 4.6. A derivation tree is a directed and acyclic graph, where each node has at
most one direct predecessor and zero or more direct successors. The direct predecessor is called
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node

label root

children _

Figure 4.6: Derivation tree data type

parent node, and the direct successors are called children. A subtree is an arbitrary node with all
of its successors. In any subtree there is exactly one node that has no predecessors, it is called
the root. Given a tree and one of its subtrees. The subtree is called direct subtree, if the root of
the tree is the parent of the root of the subtree. In Figure 4.6 all the indicated subtrees are direct
subtrees. Each subtree also represents a complete derivation for the label of its root node.

In DTGP not only the labels are stored at the nodes, but other information as well, these
are called parameters. Thanks to these parameters our approach has some advantages over the
existing tree based GGGP methods, as it will be described in the following sections.

The notations used throughout this thesis are summarized in Table 4.1. Note that sometimes
node and tree are used interchangeably. For example the size of a tree can be denoted by T'.size,
but it is usually stored as a parameter of its root node N, thus denoted by N.size.

symbol meaning remark

T,T1,Ts,... tree, subtree | usually 77,75, ... denote the subtrees of T" from left to right
N, N1,Ns,... | node sometimes node and tree are used interchangeably
N[Ty,...,T,] | tree root node N with subtrees T7,...,T,

N.label label label of node N

T.label label label of the root node of tree T'

N.param parameter parameter of node N

T.param parameter parameter of the root node of tree T’

Table 4.1: Notations for components of the derivation tree data type

4.4.2 Parameterized derivation trees

During the evolutionary process several properties of the derivation trees might be used by the
evolutionary operators. For example, when a subtree is selected randomly for a mutation operator,
usually there is a limit on the size or the height of the subtree. However, recalculating this data
every time could be a huge effort. On the other hand, it is possible to store these properties as
parameters in the root nodes of the subtrees.

The operations change subtrees, and we want these changes to have an effect only on a limited
set of properties, therefore we require that the properties of any tree depend only on the properties
of its subtrees. That means these properties should be bottom-up, that is for each property p and
each tree T = N[Ty,...,T,]:

T.p=fp(N,T1,...,Ty)

Some commonly used properties, such as the height and the size of the subtree or the length of the
subtree frontier depend on the same properties of the subtrees, simplifying the above equation:

T.p= fp(Thp,...,Tn.p)
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Parameter maintenance

A disadvantage of storing parameters in each node is that they have to be maintained during
the evolutionary process. When a subtree changes, the algorithm has to update all nodes that
store parameters dependent on the changed subtree. However, as we defined the parameters to
be bottom-up, is it easy to see that changing a subtree within a derivation tree does not have an
effect on nodes other than the ones on the path from the subtree’s root node to the root of the
derivation tree, as it is shown in Figure 4.7. Therefore, the parameters can be updated by a simple

Figure 4.7: Affected nodes after subtree modification

algorithm, that only requires logarithmic time with respect to the size of the tree. It starts at
the root of the recently changed subtree and updates the predecessors until it reaches the root, as
shown in Algorithm 4.1.

UPDATE-NODE(node : N)

1 for each p in parameters

2 dop:=fp,(N,T,...,Ty)

3 if N.parent # NIL

4 then UPDATE-NODE(N.parent)

Algorithm 4.1: Updating the parameters of a node

Parameterized context-free grammars

Parameter calculation can be defined once and used for each node, or it can also be defined for
each label. For context-free grammars, however, it is convenient to define calculation functions
with each rule. The calculation scheme of standard tree properties, like size, is the same for each
node, the only difference is whether it is a leaf node or not. However, later other parameters will
be introduced which are calculated depending on the applied rule.

In the following chapters parameter calculation definitions will be listed with the rules as shown
in the following example for rule A — xyABC and the size property.

Ay — xyA1BC Ag.size = Aq.size + B.size + C.size + 2

Note the indices used for nonterminal A. These are added to be able to identify the nodes labeled
with the same symbol. The above example defines size as the sum of the sizes of the subtrees
plus two, due to the two terminal symbols.

One can also consider using attribute grammars. This way the bottom-up parameters in the
derivation tree can be handled as synthesized attributes of the underlying attribute grammar.
Such an extension of DTGP is discussed in details in [50].
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4.5 Evolutionary operators

The evolutionary operators are based on the usual tree operators, however some modifications are
needed, so that only valid derivation trees are generated. For DTGP several mutation and crossover
operators are defined. All these operators use two basic operations: random tree generation (RTG)
and random node selection (RNS). RTG is also used for creating the initial population. These
two operators have to be designed to follow the restrictions imposed by the context-free grammar.
As it will be shown in this section, it is possible to construct algorithms for these operators in a
way that does not increase the complexity of the evolutionary algorithm significantly.

4.5.1 Random tree generation

The random tree generator is an essential part of DTGP, because it is the only component that
has any knowledge of the problem domain in form of a context-free grammar. The basic idea is
to start with a given nonterminal symbol, take the applicable rules, select a rule randomly, apply
it and then proceed to the nonterminal symbols at the frontier of the current tree. The algorithm
continues as long as there are nonterminal symbols at the frontier.

The problem with this approach is that the trees can grow unbounded, which is an issue for
evolutionary algorithms, where small random changes are preferred. To overcome this issue, a
constant called min, is assigned to each rule p : A — = to show the minimal size a subtree can
have, if it is started by applying rule p. Thus, when selecting rules randomly during random
tree generation, rules resulting in too large trees can be ignored. Hereby size can have various
definitions depending on the restriction to be applied, as long as this metric is monotone, that is
the size of a tree is never smaller than the size of a subtree. Calculating min, takes some time,
but it has to be done only once, before starting the evolutionary process, so the algorithm need
not be optimal. The values can even be calculated manually and provided as constant for the
algorithm.

To compute min,, two functions are defined. Function min, (p, M) is the minimal size a tree
can have if started with rule p and only the elements of M can be used as nonterminals in the tree
with the exception of the root. Function min,(X, M) is the minimal size a tree can have if started
with symbol X and only the elements of M can be used as nonterminals in the tree including the
root. It is obvious that for any grammar G = (M, 3, P, S) and p € P

min, = min,(p: A — x,N) (4.1)

To calculate min, for a given rule, ming is calculated for each symbol on the right-hand side
of the rule. It gives enough information to calculate min,. If the height of the tree is used, then
the following computation rule applies:

min.(p: A—xz,M)=1+ max {mings(X, M)} (4.2)

To calculate ming for a symbol X, this symbol has to be classified first. If X is a nonterminal
symbol and it is an element of M, then min, has to be calculated for each rule that can be applied
to the symbol. However, when calculating min,, symbol X need not be allowed anymore, as a
consequence of the Bar-Hillel lemma (Lemma 3.18). This means min, has to be calculated with
nonterminal set M \ {X}. When min, is known for each rule, the minimum will give the value of
ming for X. If X is a nonterminal symbol, but not an element of M, then ming is co. If X is a
terminal symbol, the result is a constant depending on what property is used as size. For height
the calculation scheme is the following:

ming(X,M) =4 0 XeX (4.3)

00 otherwise
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These equations compiled into a single function can be seen in Algorithm 4.2. Lines 4-13
calculate ming(X, M) according to Equation 4.3. This part might be moved into a separate
function, but it is easier to analyze the function this way. Lines 14-15 store the calculated value
if it is larger then the maximum stored so far. At the end the calculated maximum is increased
by one and returned as result according to equation 4.2.

MINR(p: A — z, M)

1 result :=0
2 for each X in z
3 do switch
4 case X € M :
5 ms := 00
6 for eachr: X — u
7 do mr := MINR(r : X — u, M\ {X})
8 if mr < ms
9 then ms := mr
10 case X € X :
11 ms:=0
12 case default :
13 ms := 00
14 if result < ms
15 then result := ms
16 return result + 1

Algorithm 4.2: Calculating min,

The only recursive call occurs in line 7. It is easy to see, that each call decreases the size of
M, because it removes X, which in turn is known to be in the set due to the condition in line 4.
Thus, if the recursion does not end earlier, M will be reduced to (), making the condition in line
4 false, so no more recursive calls will be made. More details about calculating the min,, min,
and min, including theoretical foundations can be found in Section 3.3 of [50].

After min, has been calculated for each rule, the random tree generator can be designed as
shown in Algorithm 4.3. This algorithm randomly selects an applicable rule, adds new nodes for
each symbol on the right-hand side, distributes the weight limits and continues derivations with
the children.

RT G(root, limit)

1 X :=root.label
if XecX

then return
C:=0
for eachp: X - ain P
do if min[p] < limit
then C :=CU {p}

p: X — := RULESELECT(C)
9 childlimits := DISTRIBUTELIMIT(limit, ()
10 for each Y in j3
11 do child := NEWNODE(Y)
12 RTG(child, childlimits[Y])
13 ADDCHILD(root, child)

0 J O Ui Wi

Algorithm 4.3: Random tree generation
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The algorithm contains the following parts. Lines 2-3 ensure that no tree is created from
terminal symbols. Lines 5-7 select applicable rules, that is rules having the root label on the
left-hand side, and minimal size not above the required limit. Line 8 selects a rule randomly.
Line 9 distributes the limit between the children based on the right-hand side of the rule. Lines
10-13 apply the rule by creating the appropriate node (line 11), creating a random derivation tree
underneath the new node (line 12) and adding it to the current node (line 13).

The algorithm uses standard tree operations NEWNODE and ADDCHILD to create and insert
a new node, and two special function calls: RULESELECT and DISTRIBUTELIMIT. The first one is
used to randomly select a rule from a set, and the second one is used to distribute the remaining
limit between the subtrees. This depends on the actual type of the limit. For example if limit is
an upper bound for height, then the limit for each subtree will be limit — 1. On the other hand,
if it is an upper bound for the number of nodes, then it has to be distributed in a way such that
limit = 1+ 3y g limity. Further details on these two calls are discussed in Section 5.3.

4.5.2 Random node selection

Each operator has to select one or more nodes of the derivation tree. However, due to the complex
data structure, it is not a trivial task. Usually not every node of the tree is a candidate for
selection. For example, nodes close to the root are not selected as mutation points in order to
keep the changes of the tree small. Leaves are never selected, since they are labeled with terminal
symbols and there are no rewriting rules in the grammar with a terminal on the left-hand side.

Randomly selecting an element of a vector is straightforward, but it is not feasible to move all
the nodes of a tree into a vector just to select a node. Finding a given element in a search tree
needs logarithmic time, thus one can try to design a similar algorithm for random node selection.
This is similar to the node search, in a sense that a path from the root towards the leaves is
traversed. However, this path is found randomly.

A naive algorithm would be to start at the root, and always choose the target of the next step
between the node and its children randomly. Selecting the node itself means the search ends, and
the given node is the selected node. When a child is selected, the search continues in the subtree
under the child. The probability of selecting a child N’ of N, that is making a step N~~N' is

1
(n+1)’

assumed that node N has n children. This means each subtree has the same probability to be
selected, independently from its size. This is obviously not what we want, since nodes in smaller
subtrees get higher probabilities assigned. However, this outbalanced search can be resolved by
using weights according to the sizes of the subtrees rooted at the nodes. The size of a subtree is
defined as usual, it is the number of the nodes in the subtree, which can also be given recursively.
Namely, the size of a subtree is one plus the sum of the sizes of its subtrees, that is

P(N~N') =

N.size =1+ E N'.size
N'is a child of N

Using this measurement, the correct probability of making a step N~»N' is defined as follows:

1 : /
n_ | Ve it N'=N,
PN~N') = { Nlsize jf N/ ig a child of N.

N.size

With this definition, the probability of selecting a given node Ny from the root 7' through a path
T = Ng~>Ni~>No~~ ... ~>Np_1~»Np~Ny is the following:

P(T ~t Ng) = P(T~»Nip)- P(N1~Ns)-... - P(Ng_1~ N) - P(Np~Np)
Ni.size Ns.size Ny.size 1 1

T.size Nj.size ~ Ny_j.size Np.size T.size
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Thus each node in the tree has the same probability to be selected. To compare the naive
method and the weighted node selection, a simple tree was constructed and 1000 independent
selections were carried out. The selection frequency is displayed in Figure 4.8 as percentage and
also represented by the colors of the nodes.

[21%] [35%] [2.6%] [74%] [63%] [6.7%] [71%]
[1.0%|]1.2% |[1.9% [ 0.9% | [1.6% | [ 2.4% | [3.6% |  [71%|[7.2%][6.7% | [7.7% | [ 7.4% | | 7.4% | [ 7.7% |
(a) naive selection (b) weighted selection

Figure 4.8: Selection frequencies using different random node selection methods

Furthermore, since the selection path proceeds through the children, it always goes down, thus
the maximal length of this path is equal to the height of the tree, which in turn is logarithmic
with respect to the number of nodes. Since the value N.size depends only on N’.size, where N’
is a child of N, N.size can be considered as bottom-up property, and as such, it can be stored as
parameter in the nodes, making it available at no cost during random node selection.

Often, however, not every node is a possible candidate. In case of derivation trees, for example,
no mutation or crossover may happen at the leaves. When the selection points are restricted, the
number of these nodes should be used for determining the selection probability instead of the size.
That is if N.sw is the number of the candidate nodes in the subtree of N, and N.nw is 1 when N
is a candidate, otherwise 0, then

N.nw 3 !/
P(NWN/): N oo if N' = N,

Nisw i NV s a child of N.

It is easy to see that in this case the probability of a node to be selected is either 0 or 1/T.sw,
that is equally distributed on the set of candidates in the tree. Furthermore, if N.nw is a constant
or a bottom-up parameter, then N.sw = N.nw + > N'.sw can also be stored as parameter, just
like N.nw. This concept can be generalized even further when condition N.nw is not a binary
value, but a nonnegative real number. This means that nodes might have different probabilities
to be selected, without changing the computation schema. The node selection function using the
node weight property is shown in Algorithm 4.4.

SELECTNODE(node : N)
pockets := ()
pockets.add(N.node_weight)
for each N’ in N.children
do pockets.add(N'.subtree_weight)
i := WEIGHTEDSELECT(pockets)

ifi=0

then result :== N

else result := SELECTNODE(N.children]i])
return result

© 00~ O Uik Wi

Algorithm 4.4: Random node selection
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First z.nw, also called node weight, is added to the list of pockets. Then for each child N’
N'.sw, also known as subtree weight is added. Then a pocket is randomly selected with a weighted
selection based on the pocket sizes. The result of this selection determines the next step.

Sometimes it is necessary to select a node with a specified label. To achieve this, the algorithm
can be modified to ignore nodes with incorrect labels. However, the descents into the subtrees
are random, thus it might happen that no such nonterminal is found. Furthermore, this search
still uses the standard node and subtree weights, which might be different if we only consider a
certain nonterminal. It is possible to calculate these weights separately for each nonterminal, but
this increases the storage size needed for each node. In some cases, however, it makes sense to
store this data, for example when the nonterminal alphabet is small. The updated node selection
can be seen in Algorithm 4.5

SELECTNODE(node : N, nonterminal : A)
pockets := ()
pockets.add(N.node_weight[A])
for each N’ in N.children
do pockets.add(N'.subtree_weight[A])
i := WEIGHTEDSELECT (pockets)

ifi=0

then result := N

else result := SELECTNODE(N.children]i], A)
return result

© 00 O U W N+

Algorithm 4.5: Random node selection with multiple weights

This second algorithm can also be used if different operators require different node selection
strategies. For example one might want to limit the size of derivation trees selected for mutation,
but allow tree crossover at any point. This can be done by using a weight array as well.

4.5.3 Derivation tree mutation

Using random tree generation and random node selection as described in the previous sections,
a simple mutation can easily be defined. First a node is selected randomly, then its subtree is
replaced by a randomly generated subtree as demonstrated in Figure 4.9 and in Algorithm 4.6.

S

u w
u v w

Figure 4.9: Simple mutation for derivation trees

The generated subtree may or may not be restricted by the actual attributes of the selected
node. For instance, sometimes it makes sense to replace a subtree having a certain height with
another one having exactly the same height, however, in general no such restrictions are applied,
other than the global limit on the new subtree size.
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TREEMUTATION(node : T
1 N := SELECTNODE(T)
2 N’ := RANDOMTREE(N.label)
3 REPLACETREE(N,N')

Algorithm 4.6: Simple mutation for derivation trees

For derivation trees, a two-point mutation can also be defined where instead of a subtree, a
middle section of the tree is replaced. This mutation operator may simultaneously change two
remote, but syntactically dependent parts of the word as shown in Figure 4.10.

Figure 4.10: Two-point mutation for derivation trees

A special case of this mutation is when the first node is the root of the tree, as shown in
Figure 4.11. This can be considered as a reversed one-point mutation: instead of changing the
tree under a selected node deep down, change the tree above a node high up. The two-point
mutation, including the special case can be very useful, as it allows the process to change parts of
the solution that are decided early in the derivation process.

Figure 4.11: Reversed one-point mutation for derivation trees

During a two-point mutation, a middle section of the subtree is replaced. There are several
ways to implement it. One possibility is to start as a normal mutation, but then insert part of the
removed subtree back into the newly generated subtree. This process is shown in Algorithm 4.7.
Note that this version of the mutation requires the special node selection of Algorithm 4.5.

It is important to note that these mutation operators introduce only local changes and can be
controlled by several parameters. The cost of a mutation is mainly composed of the costs of the
random tree generation and the random node selection. Some additional computation has to be
done to update the attributes after a new subtree is inserted, but as discussed in Section 4.4.2, it
only requires logarithmic time.
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TREEMUTATION2(node : T)

N := SELECTNODE(T)

M := SELECTNODE(N)

N’ := RANDOMTREE(N.label)
M’ := SELECTNODE(N', M.label)
REPLACETREE(M', M)
REPLACETREE(N, N')

ST W N~

Algorithm 4.7: Two-point mutation for derivation trees

4.5.4 Derivation tree crossover

A tree crossover for derivation trees can be defined easier than a mutation, since no subtrees have
to be generated. Only two nodes having the same nonterminal symbol as labels have to be selected
and swapped as shown in Figure 4.12. One can also restrict the selection of crossover points based
on the parameters stored in the nodes, just like in the case of mutation.

S

>

Figure 4.12: One-point crossover for derivation trees

Similarly to the multi-point mutation, a multi-point crossover can also be defined. In this case,
subtrees are swapped and then some parts of them are swapped back. A schema for two-point
crossover can be seen in Figure 4.13. A reversed crossover can also be implemented as a special

g S
S

A
A

B —

Figure 4.13: Two-point crossover for derivation trees

case of multi-point crossover, where the first node selected is the root node. Since it is irrelevant,
whether we swap the subtrees or the crusts for a selected node, the reversed crossover might seem
to be the same as the standard crossover. Note, however, that the change occurs at different
places. With standard crossover, the change boundaries are close to each other, whereas using
reversed crossover, the change boundaries are close to both ends of the string. Nevertheless, in this
thesis neither standard crossover, nor the special crossovers will be used due to reasons discussed
below.



4.5. EVOLUTIONARY OPERATORS 41

Although crossover seems to be simple, there is one issue. The selected subtrees must have
the same label at their root nodes. If this is not the case, one can skip crossover or one can retry
selection. It is also possible to select a node in the first parent, and then apply Algorithm 4.5 to
select another one in the second parent having the same label. This version of crossover is shown
in Algorithm 4.8. However, it requires maintaining additional parameters as discussed before.

TREECROSSOVER(node : Ry, node : Ry)
1 N := SELECTNODE(R;)

2 M := SELECTNODE(Rg, N.label)

3 SWAPTREE(N, M)

Algorithm 4.8: Crossover for derivation trees

Sometimes, however, it is not efficient to store the selection weights for all the nonterminals.
They not only require more storage, but they also have to be maintained. There is another
possibility to redefine crossover to operate on the whole population instead of pairs of parents.
This approach makes it possible to swap subtrees even if the simple random node selection is used,
and the labels of the selected nodes are not specified in advance.

4.5.5 Pool crossover

The importance of crossover is that good candidates can contribute their building blocks into the
next generation. This can not only be achieved by taking two parents and creating two offsprings.
Crossover can also be defined to work on the whole population, just like global ES recombination,
as shown in Section 2.1.3. Based on this idea, a new operator called pool crossover is defined for
derivation trees.

This operator works as follows. In the first step subtrees are selected, removed from the
parents and inserted into a contribution pool. This means that only random node selection has
to be applied. When nodes, that is subtrees are selected, the label or some parameter of the
root node is checked, and based on this information, the selected subtrees are categorized. In the
second step, these subtrees are inserted back into the parents, but in a random order. Insertion
needs logarithmic time, because only the parameter updates have to be done. Selecting subtrees
from the appropriate categories ensures the correctness of the operator. This modified crossover
has the same effect as the original crossover, but it works globally and not locally. The outline of
this operator can be seen in Figure 4.14 and the implementation is shown in Algorithm 4.9.

PoOLCROSSOVER(population : P)
1 for each T in P

2 do N := SELECTNODE(T)
3 L := N.label
4 if pooly, & pools
5 then pools := pools U {poolr}
6 pooly, := pooly, U {N}
7 for each pool; in pools
8 do for each N in pool;
9 do pool; := pool; \ {N}
10 if pool; #
11 then M := RANDOMELEMENT(pool[L])
12 SWAPTREE(N, M)

Algorithm 4.9: Pool crossover for derivation trees
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Figure 4.14: Pool crossover

As it can be seen in the figure, this operator is similar to crossover, but subtrees are swapped
between multiple trees (A). It may happen, that from a certain type of subtree only one can be
found in the contribution pool (B). In this case, this subtree is automatically inserted back to the
tree from where it came. In some cases the outcome of the global crossover might be exactly the
same as the outcome of the usual crossover (C).

Note, that the algorithm presented here does not actually remove subtrees, but marks the
roots. It is similar to inserting references into a set. Furthermore, instead of selecting pairs of
trees, one tree is selected, and then a random element of the pool is “swapped in”. This means,
the number of swaps is equal to the number of parents, although half as many would suffice. This
algorithm has been chosen here for demonstration purposes due to its simplicity. For example it
does not require special handling of pools with odd number of elements. Of course several other
implementations of pool crossover are possible.

4.5.6 Operator costs

In this section we analyze the average case operator costs with respect to the size of the solutions.
We assume that Equation 3.2 holds, that is during a derivation at each step at least one terminal
symbol is added on average. This implies that if the solution, that is the word of the language has
a size of n, then the size of the derivation tree is O(n).

The first look at the genetic operators might suggest that their costs are significantly higher
than the ones for bitvectors, because of the tree operations such as removing or inserting subtrees.
However, using a pointer based implementation, subtree removal and insertion can be solved in
constant time, similarly to linked lists. Applying the operators also involves random node selection
and parameter update. During mutation, random tree generation is applied as well. The operator
costs for the average case are summarized in Table 4.2.



4.5. EVOLUTIONARY OPERATORS 43

For most of the operators, RNS and parameter update is straightforward, the number of steps
is bounded by the height of the tree, and at each node a constant amount of work is required.
Thus, if the size of the tree is O(n), the extra work is O(logn). The additional space required at
each node is constant, only the selection weights have to be stored.

In case of mutation, the operator is not only a simple subtree replacement, but a new subtree
has to be generated as well. The size of the new subtree is bounded by the mutation rate r, the
work for each node is proportional to the number of rules, that is the size of P.

Crossover can be done in several ways as discussed before, each of which has advantages and
disadvantages. To apply the operator, nodes having the same labels have to be selected randomly.
The standard RNS might find nodes with different labels, in this case the operator fails. For larger
nonterminal alphabets the probability of the failure is higher. If the selection fails, one can retry
until an appropriate node is found. In this case the time needed for RNS is increased proportionally
to the size of the nonterminal alphabet. The third option is to store multiple selection weights
and apply Algorithm 4.8, but it increases the number of parameters, as well as the update time
proportionally to the size of the nonterminal alphabet.

Pool crossover avoids the issues of standard crossover; both selection and update remain inde-
pendent of the size of the nonterminal alphabet. There is a slight chance that pool crossover fails
for an individual. It happens when a pool only has a single element. However, usually the popu-
lation size is much larger than the number of pools, that is the number of nonterminal symbols,
therefore a failure is very rare.

operator RNS operator update success node size
mutation O(logn) O(|P] - ) O(logn) 100% O(1)
crossover O(logn) 0(1) O(logn) 1/|N|® o)
crossover (retry) O(|N] - logn)® o) O(logn) 100% o(1)
crossover (weighted) O(logn) o) O(|N] - logn) 100% O(IN))
pool crossover O(logn) o) O(logn) ~ 100%"° o)

“depending on the frequency of the given nonterminal
bif the population is large compared to N

Table 4.2: Summary of DTGP operator costs

This analysis shows a slight disadvantage of DTGP (and other tree based GGGP methods)
over string based GGGP methods, because the latter often require only constant time to apply the
operators, and the success rate is 100%. However, it also demonstrates the advantages of DTGP
over other tree based methods. Using parameters in the nodes, DTGP can decrease the time
complexity from linear to logarithmic by avoiding the need for visiting each node during random
node selection.

When discussing operator costs, one must also consider the evaluation costs. First the genotype,
in this case a derivation tree, must be mapped to a phenotype, and then the phenotype must be
evaluated using a fitness function. The genotype-phenotype mapping is done by reading the
frontier of the tree, whereas fitness evaluation is problem specific. However, it is important to
note that the phenotype is always a syntactically correct hypothesis, thus no syntax check or
correction has to be carried out. Reading the frontier normally requires full traversal of the tree,
which is comparable to applying a derivation required for linear GGGP. Thus the cost of genotype-
phenotype mapping for both approaches is O(n). However, it must be mentioned in advance that
for certain problems DTGP can use parameters to construct the phenotype or calculate the fitness
function, thus reducing the evaluation costs to O(1). The details will be discussed in Section 5.1.
Such an improvement is not possible for algorithms that do not store the derivations, such as
linear GGGP methods.
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4.6 DTGP example

To demonstrate how DTGP works and to examine some of its properties, an example is introduced
and analyzed in this section. The test example is a Boolean regression problem, the same one that
was used as an example for GA in Section 2.2.6.

The context-free grammar that generates the language of valid logical expressions for this
example is G = {N, X, P, E}, where

N = {E,T,F,P,N}

¥ = {V,A()JUEZpUXN
¥p = A{xo|z1| 22| 23| 2a}
Ynv = {%o|Z1| T2 | 73| 74}

and the set of rules P is the following

EVT|T
TAF|F
(E) | P|N

l‘0|l‘1|$2|$3|$4

2 v NE
L1l

{E0|{E1|f2|"f3|f4

4.6.1 Single test results

One interesting question is how the algorithm performs during a single run. To test this, a
population of 1000 individuals was generated and the DTGP algorithm was run for 100 steps
using standard mutation and pool crossover. When the initial population was created, the height
limit was set to 15. For random node selection, each node had the same weight, except, of course,
the leaves. During mutation, the randomly generated subtrees had random height, independent
of the replaced subtrees, but not larger than 10.

The fitness function was defined just as for the GA and GP examples. Each matching evaluation
increases the fitness by 1000 and then the fitness is decreased by the size of the solution. For this
example, the size is defined as the number of nodes in the tree. The best, worst and median
fitness values are shown in Figure 4.15a. The fitness values for individuals above the lower 25%
and below the top 25% are shown as a gray band around the median. The tree dimensions were
also recorded, the size and the width of the best individual can be observed in Figure 4.15b.
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Figure 4.15: Results for a single run of the DTGP example
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As it can be seen from these figures, the algorithm was able to find an expression that exactly
describes the function by generation 40, and then it was able to further optimize its size from
532 down to 247. The result is comparable to the one reached by the GA algorithm when safe
mutation is used, as shown in Figure 2.8. However, the GA process used a population of 10000
individuals, many of which were invalid. For the DTGP algorithm 1000 individuals were enough.
The best solution found by the algorithm is the 93 symbol long expression as follows.

forap = (&1 V (Z3)))(x3V x1Z4 V T2T3T0)
A (B Vae)(xsxo V TaZsz V T1T4)(To V @1 V 22T1) V (xo)x324 V ((22)T3(23)) V 24(2121))

\Y $1(i’2)l‘3fg

The conjunction symbol (A) has been omitted from the expression for better readability, but all
the parentheses are shown as found by the algorithm. One can see that there are some unnecessary
parentheses, but not as many as in the individuals found by the GA process. Furthermore,
repeating parentheses, like ((z()), were almost completely eliminated, because DTGP can handle
parentheses as part of the syntax, whereas in GA they are handled specially to avoid invalid
individuals due to the simple representation.

The top of the derivation tree representing the best solution found by the algorithm can be seen
in Figure 4.16. Each subtree represents a Boolean function that is shown as a 32bit hexadecimal
number at each nonterminal. Some parts of the tree can easily be identified in the expression, for
example the rightmost subtree of the root node represents the end of the result z1(Z3)z3Zs.

00300030

FOFOFOFO

FOFOFOFO

FFCCFFCC B3CCAOCC 8F803377 33333 FOFOFOFO  OOFFOOFF

Figure 4.16: Top of the best individual

One disadvantage of GP or DTGP over GA is the size of the individuals. The solution can be
found at the frontier of the tree as a string, thus the useful size of the individual is the width of
the tree. However, a full derivation tree is stored, making the memory consumption proportional
to the size of the tree. In the test run the size of the best tree reached 500, and a single node
might require 20-100 times more storage than a character in a GA string. On the other hand, the
important question is the asymptotic relation between the size and the width, which is expected
to be linear, as described by Theorem 3.20. Figure 4.15b suggests that this theorem holds for the
test grammar.

Nevertheless, the fact that the width and the size of the best individual are correlated does not
necessarily mean that it is true for any tree. Therefore during the test run the tree dimensions
were recorded. This data is visualized in Figure 4.17, showing the extremes, the median and the
middle 50% for both size and width. This figure shows a correlation too.

To see not only statistical data regarding tree dimensions, but the exact information as well, all
trees of three selected generations are plotted in two-dimensional charts with coordinates showing
the size and width-size ratio with respect to width. Figure 4.18a shows the tree sizes for the first
and the last generations and a generation at half time, while in Figure 4.18b the width-size ratio
is plotted for the same generations.
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Figure 4.17: Tree dimensions during the DTGP test run
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Figure 4.18: Tree size compared to tree width in selected steps

These figures show that considering every tree in the population, the width-size ratio is near
constant, especially for larger trees. This also verifies that if the dimension of the problem n is
considered to be proportional to the length of the words in the language, then the size of the
DTGP individuals as well as the size of the population measured in node count is O(n).

This realization might be surprising at first, but if one considers simpler trees, the width-size
ratio can be exactly calculated. For example, it is a well-known fact that a balanced binary tree
with n = 2F leaves has a height of k and the total number of nodes is 2¥*1 —1 =2n—1 = O(n). Tt
is possible to define grammars in a way that this assumption does not hold, therefore in examples
introduced later in this thesis the correlation between size and with will be checked again.

4.6.2 Independent tests

Analyzing a single run is very useful for determining some properties, but since DTGP, just like
any other EA, is a randomized algorithm, each run can yield different results. Therefore 100
independent runs were carried out and the results are shown in Figure 4.19. At each step, the best
individual was selected from each population, and statistical data of these selected individuals is
plotted in Figure 4.19a. Also, the population size was measured by counting the total number of
nodes. This information is shown in Figure 4.19b.

The best runs were able to reach fitness values above 31000, that is all 32 bits were matched,
meaning the run was successful. This is also true for the top 25%. However, the median is below
31000, and in the worst case the fitness was slightly below 27000 meaning only a 27 bit match.
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Figure 4.19: DTGP example results accumulated for 100 independent runs

To see what the frequencies of the various end results are, the number of matches was checked
for each run in the final step, and the histogram of this data is plotted in Figure 4.20a. It can be
seen that from the total 100 runs 38 were able to find a 32-bit match, but 23 found only 31 bits,
and 22 found only 30 bits. The worst result was 27 bits, that happened 4 times. Successful runs
find total match in different generations. The number of runs that found all 32 bits by a certain
generation, that is the success rate can be seen in Figure 4.20b.
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Figure 4.20: DTGP example final results for 100 independent runs

4.6.3 Parameter settings

A DTGP algorithm has many parameters that can be set. It is interesting to see how these
parameter settings influence the outcome. The most important parameters are the population
size, the operator application rates and the number of steps. For a DTGP algorithm, one can also
set node selection parameters and bounds for random tree generation.

Operator application rate

It is common in GP to use crossover on the whole parent pool to create a new population,
and then apply mutation to each individual. However, these settings can be changed. To
examine the results, the following test was done. Crossover and mutation rates were set to
0%,10%, 20%, . ..,100%, and 100 independent runs were carried out to measure the success rate.
The results are shown in Figure 4.21a. It can be seen that in order to achieve a higher success
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rate for this particular problem, a high mutation rate is necessary. This corresponds to the results
in [50]. Tt is also useful, although not necessary to have a high crossover rate. The histogram of
matched bits is also plotted in Figure 4.21b for four of the tests, with 10% and 90% rates for both
crossover and mutation. It shows that even though a high crossover rate does not improve success
rate by much, it still improves the results significantly. On the other hand, high mutation rate
alone can mean not only overall improvement but also an increased success rate.
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Figure 4.21: Results of various operator settings

Setting crossover probability in this test means that a certain percentage of the new population
is created using pool crossover. However, even if it is set to 100%, in some marginal cases pool
crossover might fail, meaning that the result is an exact copy of the parent. As mentioned in
Section 4.5.6, this happens when a pool contains only a single subtree. The probability of this
situation to occur is a complex function of the average tree size, the population size and the
frequency of the given nonterminals. Therefore, during a randomly selected Boolean regression
test, the pool sizes were recorded at each step for each nonterminal. The pool size shows how many
individuals were crossed at a given nonterminal. Statistical information is plotted in Figure 4.22a
showing minimum and maximum pool sizes as well as the median and the middle 50%. For classical
two-parent crossover similar information can be collected by checking how many trees have been
created by applying crossover at a node labeled with the given nonterminal. This information is
plotted in Figure 4.22b with an additional column showing the number of failed crossovers.

40 40 100

35| 35| 1%
80
30| 30k Ea
70

25 - 25 -

rate (%)

20 - 20 - - 50

I
+ 7 SET. "
|+

rate (%)
rate (%)

0 0 = =
E T F P N E T F P N failed
(a) pool crossover (b) two-parent crossover

Figure 4.22: Application rates for the crossover operators

The two figures were derived from the same data, that is using the same sequences of node
selections. Since both types of crossovers use a single node selection for each parent individual,
and the pool sizes as well as the two-parent crossover types depend only on the label of the selected
nodes, these results are directly comparable.
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Number of steps

In the above mentioned tests, the algorithm was stopped after 100 steps. However, if the process
is run longer, it might improve the results. Usually during evolutionary optimization the improve-
ment rate decreases over time, as it can be observed in the previous figures displaying fitness value
or success rate over generations. One of the reason for the decreased improvement rate is the fact
that the diversity of the population also decreases.

To see how success rate changes through generations with various operator rates, tests were
run using the previously mentioned four setups with 10% and 90% operator rates. First only 100
steps were done, then the algorithm was tested with 1000 steps as well. The results are plotted in
Figure 4.23.
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Figure 4.23: Success rate development for various operator settings

As the charts show, the success rate steadily increases at first, but after 200 steps it slows down.
The success rate for the best setup is around 40% after 100 steps, increases to approximately 55%
after 200 steps, but then in the remaining 800 steps the success rate reaches only 75%. Therefore,
it is better to run 10 independent tests with 100 steps, rather than one with 1000 steps. With
40% success rate, the probability that one of the 10 independent runs is successful is 99.4%.

Population size

The population size also has an influence on the success rate as shown in Figure 4.24, where the
success rate is plotted using 100% operator rate with various population sizes.
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Figure 4.24: Success rate development for various population sizes
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One can see that population size should be above 300 to have a success rate above 10%. With
increasing population size the success rate also increases, for example by doubling the size from
1000 to 2000, the success rate changes from below 40% to above 60%. Around population size
4000 the success rate reaches its maximum at around 80%.

However, it is difficult to compare these results, because higher population means higher
memory consumption, and also higher processing time. Using the assumption that the time needed
for making 100 steps is proportional to the population size, the success rate can be normalized. For
example, using a population size of 10000 as a standard, normalizing the result for a population
size of 1000 means considering 10 independent runs, while for size 2000 only 5 independent runs
are considered. The normalized success and failure rates are shown in Figure 4.25.
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Figure 4.25: Normalized rates for various population sizes

The results show that the optimum is around population size 500, which only means 26%
success rate, but running it twice gives success rate above 45% success rate. A single run of a test
with a population of 1000, on the other hand, gives only 38% success rate, and needs approximately
double as much memory and time.

4.6.4 Search bias

In an evolutionary process the main driving force is the fitness function. However, DTGP uses a
complex representation, therefore it is interesting to check if the framework introduces any bias.
To test this, the evolutionary process was run using the previously mentioned setup, but the
selection was randomized. The results can be seen in Figure 4.26.
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Figure 4.26: Results of a randomized run
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Without taking the fitness value into consideration, the process creates individuals that have
fitness values between 5000 and 25000 with the median being around 15000, and there seems to
be no significant change over time. It is also interesting to look at the tree dimensions during the
process. They are shown in Figure 4.27.
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Figure 4.27: Tree dimensions during a randomized run

It can be observed that the dimensions of the largest tree keep increasing, and it is also true
for the individuals in the largest part of the population. This results show that the method itself
introduces a slight bias by creating larger trees. This is a known phenomenon, called bloat [5]. If
needed, this can be addressed by carefully selecting random node selection and mutation parame-
ters, or by using some known methods for avoiding bloat [23, 38]. On the other hand, if the fitness
function prefers smaller individuals, just like in the example shown in this section, the issue can
simply be ignored.

4.7 Summary

In this chapter a new optimization method called derivation tree based genetic programming
(DTGP) has been introduced. It is a tree based grammar guided genetic programming (GGGP)
method, which provides several improvements over other algorithms of its class. These improve-
ments are the following:

Bounded random tree generator is applied to limit the size of the generated trees.
Parameters are stored in each node to fine-tune the operators.

Logarithmic node selection is implemented using appropriately selected parameters represent-
ing selection weights.

Pool crossover is introduced replacing common crossover to increase the crossover success rate
up to practically 100% without increasing computational complexity.

The result is a generic algorithm that can be used for various optimization problems, where
the set of valid solutions can be described by a context-free grammar. The size of the individuals
is comparable to other GP methods, and most of the operators run in logarithmic time. In
Chapter 5 this algorithm will be further improved, and in Chapter 6 some example applications
will be presented.
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Improving DTGP

In the previous chapter, the details of derivation tree based genetic programming were described.
As we have seen, the tree structure used by the algorithm is not expected to be asymptotically
larger than the structures used by linear GGGP, but it is still a bigger and more complex data
type. Fortunately, this data type also provides opportunities for improving the algorithm. Also,
the complex operation of creating random trees can also be adjusted.

This chapter presents some of the possible improvements. These can be divided into three cate-
gories: harnessing the potentials in parameters, implementing semantic constraints and improving
randomization during tree generation.

5.1 Parameter utilization

In Section 4.4.2 it has been shown how various tree properties can be stored as parameters at the
nodes of the derivation trees. In Section 4.5.2 some of these parameters were used to implement
a balanced random node selection. There are, however, further uses of parameters, some of which
are presented in this section.

5.1.1 Run-time frontier recovery

One issue with DTGP is that hypotheses are stored at the frontiers of the derivation trees, and
this frontier has to be read before each fitness evaluation. Usually this means traversing the whole
tree, requiring a lot of extra time.

However, it is possible to store the frontier of a tree as a property called fr in its root node.
That is for tree T'= N[11,Ts,...,T,]

T.fr=T.fr - To.fr-...-Ty.fr

This is a bottom-up parameter, thus it can easily be handled by DTGP and it makes the frontier
of the tree available in constant time. Unfortunately, this is a parameter that cannot be stored in
constant space. The space needed to store the frontier once is O(n), thus the initial estimate for
the extra space is O(n?). Fortunately, a better upper bound can also be given.

Theorem 5.1
Given a derivation tree with n leaves. Storing the subtree frontier in each subtree root requires
O(nlogn) space.

53
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Proof 5.2

Let us consider an arbitrary derivation tree 7" having root node N and n leaves containing the
frontier u. For each node M in tree T there is exactly one path from the root NV to node M. The
distance of the two nodes is the length of this path and it is denoted by |N, M|. The distance can
be used to define levels in the tree as sets of nodes as follows

Vie N Lp@i)={M|MeTA|MT| =i}

If the height of tree T is h, then Vi > h L7 (i) = 0.

Given My, My € Lp(i) such that My # Ms, and subtrees T7, T rooted in M; and Mj respec-
tively. The distance between the nodes in a subtree and the root of the tree is always larger than
the distance between the root of the subtree and the root of the tree. Therefore

Ml#MQ < MlgTQ/\MQQTl

Thus any leaf Ly representing symbol wug of frontier u cannot be in both subtrees 77 and T5.
Therefore M. fr N M. fr = (), meaning

S IMfr| < Ju = O(n),

MeLr (i)

The total space for storing frontier information is

SN0 M= > IM.fr| < hlu| = O(nlogn).

i MeLr (i) i<h MELr (i)

O

This means, using a total of O(nlogn) extra space the frontier of the tree will be available
in constant time during fitness evaluation. Note, however, that to keep the parameter update
logarithmic, it is assumed that updating the parameters at a single node requires constant time.
Unfortunately, it is not the case with the usual string implementations, since concatenating two
strings requires moving at least one of them to a different location in the memory. Furthermore,
even if the frontier can be recovered in constant time as a string, processing this string is usually
linear, therefore this approach has only a limited use.

5.1.2 Run-time hypothesis evaluation

To evaluate an individual, constructing the frontier itself is actually irrelevant, as long as the
evaluation of the represented hypothesis can be done. For this purpose, one might take advantage
of the derivation tree that provides a syntactical description. If an evaluation property of the
hypothesis can be represented in a compact way, then it can be used as a parameter, so it can be
available during fitness calculation in constant time. The extra storage needed for this parameter
depends on the exact problem, but in certain cases it might be enough to use constant extra space
per node. If it is possible, then storing this property is a better option than storing the frontier,
as it does not require extra space and the update algorithm can remain logarithmic.

One example is the domain of n-ary Boolean functions, which can be represented as 2™ bit
integers, just like the example used in Section 4.6. Thus the function represented by a subtree can
be stored as an integer in the root node of the subtree. An example for the calculation schema
for binary functions is shown in Example 5.3. In fact, this schema was also used for the above
mentioned DTGP example. Recall Figure 4.16, where the functions represented by each subtree
are shown as 32-bit hexadecimal integers. These integers were actually calculated and stored as
parameters to speed up the fitness evaluation.
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Example 5.3 (Run-time hypothesis evaluation)

The set of representations is the set of binary Boolean expressions constructed of conjunction,
disjunction, parenthesis, two variables and two negated variables. These are evaluated to construct
the Boolean functions, which in turn can be represented as 4 bit integers. These integers will be
stored as parameters denoted by p in each node. Using integer operators binary or (|) and binary
and (&), the problem can be described by grammar

G={ETFV}L{V,A(),x0,21,%0,%1},P,E)
where the set of rules P is defined as follows
E—-T Ep:=Tp
Ey— ELVT Eo.p:= E1.p|Tp
T—>F T.p:=Fp
To—-TAF To.p:=T1.p&F.p
F— (E) Fp:=Eup
F-V Fp:=Vp
V — xg V.p:= 0101,
V =z V.p:= 0011,
V — Zo V.p := 10104
V -1 V.p:= 1100,
A derivation tree for expression xg V Zo V g A 1 A Z1 can be seen in Figure 5.1. Property p
is also shown, which represents the function described by the subtrees. For example the root

node for expression zy A x; contains 0001, meaning the value of the represented function is 0 for
rg=x1 =0, for zg = 1,21 =0 and for g = 0,z; = 1, and it is 1 for g = 21 = 1.

Figure 5.1: Example tree for phenotype mapping

5.1.3 Run-time fitness calculation

In certain cases it is also possible to partially or even completely calculate and store the fitness
value and not just the evaluation property. For example if a Boolean expression is searched
that describes a pre-defined function, just like the Boolean regression problem used in previous
examples, the difference of the described function and the target function can be stored as a
parameter. Another application is calculating the cost associated with the hypothesis, as shown
by the following example.
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Example 5.4 (Run-time partial fitness calculation)

The goal is to find a circuit composed of shifters, adders and multipliers. All these components
have different costs: 1, 2 and 5 respectively. When the fitness value is calculated, the cost has a
negative effect, that is individuals with higher costs have lower fitness values. If the circuits are
not allowed to have loops, then they can be described as functions, thus they can be generated by
a grammar. Furthermore, the cost can be calculated as a bottom-up parameter as shown below.

Co — shift(Cq,N) Co.cost =1+ C.cost
Coy — add(Cy,Cs) Cy.cost = 2 + C.cost + Cy.cost
Co — mult(Cy, Cs) Cy.cost =5 + C.cost + Cy.cost
C—rz C.cost =0
C—N C.cost =0
N — 12|34

When calculating the fitness value, the cost has to be calculated, which normally means travers-
ing the tree or the frontier and counting the various circuit components in O(n) time. However,
by defining and maintaining the appropriate parameter, the cost information can be accessed in
O(1) time, with the usual O(logn) update time required by the evolutionary operators.

5.1.4 Operator biasing

As it was shown in Section 4.5.2, any selection weight ¢(x) that can be defined as bottom-up prop-
erty can be stored as parameter and used for biasing the random node selection. A straightforward
way is to use standard tree properties to define selection weight. Some examples are shown below.
Note that selection weight for leaves is always set to 0.

node selection weight subtrees preferred during node selection
1 if height < 15, 0 otherwise | subtrees not higher than 15
1 — breadth/height unbalanced trees that are tall, but narrow
1/(height?) small trees with exponentially increasing weight

The last two selection weights were used for 1000 random selections on the previously used
test tree. The results can be seen in Figure 5.2.
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(a) X.nw =1 — breadth/height (b) X.nw = 1/(height?)

Figure 5.2: Selection frequency using different random node selection methods

More complex selection weights can also be defined. As Example 5.4 shows, for certain problems
a component of the fitness can be calculated as a bottom-up parameter. This component can also
be used for defining node selection weight, thus certain building blocks can be protected. Using
node selection weight N.cw = N.nw - N.cost, the algorithm will try to replace high-cost subtrees.
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Sometimes a problem specific definition can be given for building blocks that should be pro-
tected, or the opposite, for those that should be selected with a higher probability. In the Boolean
regression problem one can observe situations where the function represented by a tree is exactly
the same as the one represented by one of its subtrees. For example, in Figure 5.1 the tree and its
left subtree both calculate function 1111. To try to avoid these, the node selection function can
be defined as follows:

N.nw+ 1, if N.function = N.parent.function

Nbw = { N.nw otherwise

Unfortunately, this definition does not satisfy the bottom-up condition, as it depends on a
property of the parent node. Nevertheless, the calculation scheme can be changed so that whenever
the function parameter is calculated for a node, the node weight is updated for the children having
the same function. Another option is to increase the subtree selection weight T.sw every time
T.function = N.function for a child N of node T. Although this is not the same, the tree itself
will have a higher selection probability.

5.2 Semantic constraints

As mentioned earlier, the bottom-up parameters used in DTGP can be considered as synthesized
attributes of an underlying attribute grammar. In DTGP, these attributes are mainly used to
describe various properties of the derivation trees, such as size or height, or to bias the evolutionary
operators with node selection weight, but as shown in the previous section, synthesized attributes
can also contain semantic information.

Following the nomenclature of attribute grammars, in this section bottom-up properties or
parameters will be referred to as synthesized attributes, or just attributes. The set of all possible
values of attribute a is denoted by V,. Unless noted otherwise, attributes are interpreted in
a context of a single rule, because even if they represent the same information at each node,
their definition might be different for each rule. In Example 5.3, attribute p always contains the
function represented by the subtree under a node, but its calculation scheme differs for every rule.
As defined in Section 4.4.2 attributes are calculated based on the attribute values of the child
nodes, that is T.a = f,(T1.a,...,Ty.q).

Having semantic constraints means that in addition to the context-free grammar that defines
the syntax and the rules that define the attributes, some additional semantic information is pre-
defined that has to be adhered during the random tree generation process. That means the
information has to be passed down to the subtrees, and might have to be updated along the way.
This process can be described with the help of distribution sets and distribution functions that
define how the semantic information is distributed among the subtrees.

Definition 5.5 (Distribution set)
Given a synthesized attribute a defined by function

T.a= fo(Ty.a,...,T,.a)

The distribution set for attribute value vy € V, and nonnegative integer n € IN is a set of vectors
D, (vg,n) defined as follows

D,(vg,n) = {(v1,...,0n) € (Vo)™ | falv1,...,vn) =vo}

In words the distribution set is the set of all value vectors that synthesize the pre-defined value.
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Example 5.6 (Distribution set for integer attributes)
Let us consider an attribute h representing height defined as usually

T.h =1+ max {T;.h}
1<i<n

In this case Dy (4,2) is the following set
Dn(4,2) = {(0,3),(1,3),(2,3),(3,3),(3,2),(3,1), (3,0)}

This set is illustrated in Figure 5.3a over the space of all vectors with T;.h <5 (i € {1,2}). The
values of T.h are represented by colors.

Example 5.7 (Distribution set for set-type attributes)
Let us consider an attribute s showing the set of terminal symbols that can be found on the
frontier of the tree. This is a synthesized attribute defined by the following function

Distribution set D;({a,c},2) has 9 elements as follows

Di({a,c},2) = {(0,{a,c}),
({a},{c}), ({a}.{a, c}),
({c},{a}), ({c} {a, c}),
({a,c},0), ({a, ¢}, {a}), ({a, ¢}, {c}), ({a, ¢}, {a, c})}
Subsets of finite, ordered sets can be represented as binary vectors. For example given an alphabet

Y. with four symbols {a, b, ¢, d} subset {b, ¢} can be written as 0110, and subset {a, ¢} can be written
as 1010. Using the binary or operator (denoted by |), T.s can be calculated as follows

T.s =T1.8|Tz.s|...|Ty.s
Using this notation, distribution set D,(1010,2) is

D,(1010,2) = {(0000,1010),
(1000, 0010), (1000, 1010),
(0010, 1000), (0010, 1010),
(1010, 0000), (1010, 1000), (1010, 0010), (1010, 1010)}

Binary vectors of length n can also be interpreted as m-bit integers. Using this interpretation,
D;({a,c},2) is shown in Figure 5.3b.

Definition 5.8 (Distribution function)

Given a synthesized attribute a. Let us define D C V, x ZT as the largest set such that for
each (vg,n) € D distribution set D, (vg,n) is not empty. A distribution function is a randomized
function f, defined over Dom(f,) = D such that

fa(vo,n) = @, where 7 € Dq(vo, n)

That is fa(vo,n) is a randomly selected element of D, (vg,n).

Attributes can be defined separately for each rule. Thus, there can be different distribution sets
and distribution functions for each rule as well. Furthermore, if a given rule has n’ nonterminal
symbols on its right-hand side, only distribution sets and distribution functions with n = n’/ are of
interest. Therefore, for a given rule p and attribute a, parameter n is omitted, and the distribution
sets are denoted by D, ,(vo) whereas the distribution function is denoted by fa,zr
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Figure 5.3: Distribution sets

Remark 5.9 (Distribution set for terminal functions)
There are rules that do not have nonterminal symbols on the right-hand side. Such functions
define the attributes as constants, that is

T.a=c,
The definition of the distribution set can be applied to these as well, yielding the following:

_ _ 0o — = {10 ifwo=0c
Do) = Dalun,0) = (0 € (VP [ ey =} = {17 20 Sr
Since the value vy does not have to be distributed, f,, will be denoted by @.

With the help of distribution sets and distribution functions, it is possible to define attributes
that put semantic restrictions on the derivation trees.

Definition 5.10 (Forced synthesized attribute)
A synthesized attribute a is called forced synthesized attribute, if

(i) For each A € N A.a is defined,
(ii) A required value vg € V, for a of the root-node is given, and

(iii) For each rule p: A — 8 € P, with 8 & ¥* there is a distribution function fawp(v), which is
defined over V' C V.

Remark 5.11

Unlike synthesized attributes, forced synthesized attributes are not calculated based on subtree
attributes. Instead, their values are distributed from parent to children nodes using the distribution
functions. One can define a normal synthesized attribute with the same rules. In this case, the
value of the forced and the normal synthesized attribute will be the same, even though they are
calculated differently. This fact is a direct consequence of Definition 5.5.

Remark 5.12

Note that there is a similarity between inherited and forced synthesized attributes. In both cases
the semantic information is propagated in a top-down fashion, however, the definition itself is given
as bottom-up for a forced synthesized attribute. Finding a value for a forced synthesized attribute
involves finding the set of possible values and selecting one randomly, that is taking the value
from the parent and distributing it among the children. In the special case when |Dg, ,(vg)| <1
for each rule and each attribute value, the distribution function is deterministic, thus the forced
synthesized attribute is also an inherited attribute.



60 CHAPTER 5. IMPROVING DTGP

Definition 5.13 (Semantically constrained derivation)

For a given grammar G = (N, X, P, S), derivation sequence ag, a1, . . . , &, with ag = S is semanti-
cally constrained by forced synthesized attribute a, if for each step ¢ with a;_1 = AV, a; = pBY
and rule p : A — § the following holds:

Dgp(Aa) # 0,
and if there are k > 0 nonterminals By, Bs, ... By in 3, then
(By.a,Bs.qa,...,Bg.a) = fayp(A.a),

where = means equals to one of the possible values.

During a semantically constrained derivation in each step, when rule A — [ is applied, the
value vg of the forced synthesized attribute a at the current node labeled with A is taken. First
D, (vo) is checked to see if the value can be distributed. If D, ,(vo) is empty, then the given rule
cannot be applied. If no applicable rules are found, the derivation is terminated. If an applicable
rule is found, then the distribution function fa,p is used to get the values for the new nonterminal
symbols in .

The simplest distribution function is the one that randomly selects an element of D, ,(vg) with
a uniform distribution. However, it is also possible to define a function that assigns lower or even
0 probability to certain elements. This way an additional semantic constraint or search bias can
be introduced. If a modified distribution function is used such that for an attribute value vy € V,
Dy, (vo) # 0, but fa’p(vo) is not defined, then the distribution set should be redefined and vg
should be removed, so that

Da,p(UO) =0 Vo ¢ Dom(fa,p)'

Example 5.14
Let us consider grammar G = ({4, B, S},{a,b},P,S) with the following rules and attribute
definitions:

S — AB Sw=Aw+ Bw

Ay — aAy Ajw =1+ A.w
A—a Aw=1

By — bbBy Byw =1+ Bi.w
B — bb Bw =2

This grammar generates language L(G) = {a"b?™|n,m € ZT}. Synthesized attribute w € V,,
with V,, = N contains the width, which is the length of the frontier. This attribute can be made
forced synthesized by defining the following rule-specific distribution functions:

S — AB fuw(vo) = (v1,v2), where v + vo = vy
Ag — aAy fuw(vo) = (vo — 1)

A—a o]
Bo — bbBl fw(vo) = (Uo — 2)
B — bb %)

This example shows several properties of the distribution functions, therefore it is useful to
examine each rule separately.
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S — AB — For this rule the distribution function is a random selection. The distribution sets
contain all pairs having the sum of vy, and none of them is empty.

It is also possible to use the following distribution function
fw(vg) = (v1,v2), where v1 = v9 and vy + vy = vg.

With this modified function and appropriately changed distribution sets D,,(2v+1) = ) for
v € N, the generated language can be changed to L(G) = {(a®"b*"|n € Z*}.

Ag — aA; — Since there is only one nonterminal symbol on the right-hand side, the distribution
function is deterministic. However, D,,(0) = ), because 0 — 1 = —1 € V.

A — a — This rule has no nonterminal symbols on the right-hand side, therefore the attribute
value is constant 1, thus the distribution function is not defined. The distribution set can
be defined as described in Remark 5.9:

Dy (v0) = {{()} if vy = 1

®  otherwise

In fact, for this rule the actual value of D,, is irrelevant, the only question is if it is empty
or not, since vg does not have to be distributed, but its value must be the one defined by
the rule, that is 1.

By — bbB; — This rule is similar to rule Ay — aA;, because it also has only one nonterminal.
Thus the distribution function is deterministic. There are two cases when the distribution
set is empty: D, (1) = D, (0) = 0.

B — bb — In this rule there are no nonterminal symbols on the right-hand side and the attribute
is constant 2, therefore the distribution function is not defined, and the distribution sets are
similar to the ones for rule A — a:

Dw(UO) _ {{8} if vg =2

otherwise

Two possible derivations using these rules and distribution functions with the attribute values
in parentheses are shown below.

S(7) = A(3)B(4) = aA(2)B(4) = aaA(1)B(4) = aaaB(4) = aaabbB(2) = aaabbbb
S(7) = A(2)B(5) = aA(1)B(5) = aaA(0)B(5) = aaA(0)bbB(3) = aaA(0)bbbbB(1)

The first derivation is successful and yields a terminal word. The derivation tree belonging to
this derivation is shown in Figure 5.4a. The second derivation fails for two reasons. In the third
step, rule A — aA is applied yielding A(0) that cannot be rewritten, because from A the shortest
word that can be derived has length 1. This issue could have been avoided by removing 0 from
Vi, because in that case Dy, a—q4(1) =0, as 1 —1 = 0 ¢ V,, therefore rule A — aA cannot be
selected.

The more serious issue can be seen in the last step, when B(1) is inserted and there are no
rules that can be applied to it, because every rule for B requires w > 2. Furthermore, there is
no way avoiding B(1) as soon as B(5) is inserted, because only rule B — bbB can be applied
unless w = 2, but that is never reached as w is always decreased by 2. Thus after applying the
first rule, this derivation is condemned to fail. The solution is to redefine the distribution function
not to allow odd numbers for rule S — AB. The derivation tree for this derivation is shown in
Figure 5.4b.

With the help of forced synthesized attributes, the evolutionary operators can be modified
to respect the semantic constraints. Operators affected by this are random tree generation and
Crossover.
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(a) successful (b) failed

Figure 5.4: Semantically constrained derivations

5.2.1 Random tree generation

During random tree generation, subtrees must be generated in a way that their attributes synthe-
size the proper value for the parent tree. Therefore, when their roots are created by applying the
appropriate rule, the distribution function is used to distribute the semantic constraints among
the subtree roots. To achieve this, Algorithm 4.3 is replaced by Algorithm 5.1

RTG(root, limit, a, vo)
1 X :=root.label
2 ifXeX
3 then return
4 C:=0
5 for eachp: X > ain P
6 do if (min[p] < limit) A (Dg,p(vo) # 0)
7 then C :=C U {p}
8 p:X — p=RULESELECT(C)
9 childlimits := LIMITDISTRIBUTION(limit, 5) // random distribution of limit
10 walues == fa p(vo)
11 for each Y in
12 do child := node(Y)
13 RTG(child, childlimits[Y], a, values[Y])
14 add_child(root, child)

Algorithm 5.1: Random tree generation with semantic constraints

The changes are in line 6, 10 and 13. In line 6, when a rule is examined, not only its relation to
the limit is checked, but also distribution set D, ,(vo) is verified. Line 10 is added to the original
algorithm to distribute vg among the children. Finally, line 13 has been updated so that the forced
synthesized value is passed to the children.

As shown in Figure 5.4b, the derivation might lead to a dead-end. Furthermore, the derivation
might also fail due to the size limitation. If, for example, the derivation shown before starts with
v = 50, but the height of the tree is limited to 10, the derivation will never result in a terminal
word, thus it will be considered as failed derivation. Finding a general solution for avoiding
these issues is a very complicated task, but specific solutions will be given in this thesis whenever
examples for semantically constrained derivation are used in later chapters.
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5.2.2 Crossover

During standard crossover two trees are taken and nodes selected in both such that they have the
same label. However, if forced synthesized attributes are used, the values of these attributes must
match as well, otherwise a conflict may occur. A conflict situation based on Example 5.14 is shown
in Figure 5.5. A subtree with root labeled with A is replaced by another subtree with the same

(a) parent (b) offspring

Figure 5.5: Conflict caused by crossover

label. However, if forced synthesized attribute width is not checked, a subtree with attribute value
2 can be replaced with another one with attribute value 1. The result contradicts distribution
function fy,(vg) = (vg — 1) of rule Ag — aA; at the marked place. In case of standard synthesized
attributes this would not be a problem, because Algorithm 4.1 updates them after the operator
was applied. However, forced synthesized attributes cannot be updated this way, because such
an update might result an attribute value at the root different than the pre-defined value. In our
example, width would be 6 at the root node labeled with S, but the pre-defined value was 7.

To solve this issue, the crossover operator has to be modified, so that not only the labels but
also the forced synthesized attributes match when two subtrees are swapped. Standard crossover
can have difficulties even with matching labels, but pool crossover can be updated to handle forced
synthesized attributes. To achieve this, pools have to be labeled not only with nonterminals, but
also with the values of the forced synthesized attribute, which means that there will be separate
pools for subtrees having the same label at the root but different values for the attribute.

A straightforward implementation of an updated crossover operator is shown in Algorithm 5.2.
The only change to the original algorithm is Line 3, where instead of the label, an index function
is used to find the appropriate pool. The index value is calculated based on the label and the
forced synthesized attribute values:

ide : N x Vg x o xV, — N

As it was mentioned in Section 4.5.5, there is a chance that pool crossover does not work. It
happens when the size of a pool is exactly one. The probability of this to happen increases with
the number of possible pools, and decreases with the size of the population. Normally, the number
of pools depends on the number of nonterminals, that is |[N/|. However, when forced synthesized
attributes are also used, the number of possible pools is increased up to [N |Va,| -+« |Va, |-
Therefore, pool crossover cannot be applied when there are too many nonterminal-attribute value
combinations, unless the population size is increased.

5.2.3 Constraint predicates

Forced synthesized attributes introduce constraints on the derivation by requiring the synthesized
values to be equal to the ones passed down on the tree. That means, equality is explicitly required
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POOLCROSSOVER(population : P)
1 for each T in P
do N := SELECTNODE(T)
I :=IDX(N.label, N.fsal])
pools := pools U {I}
pool[I] := pool[I| U {N}
for each I in pools
do for each N in pool[I]
do pool[I] := pool[I|\ {N}
M := RANDOMELEMENT(pool[I])
if M # NIL
then SWAPTREE(N, M)

— O © 00 O Ui Wi

—

Algorithm 5.2: Pool crossover for derivation trees

by Definition 5.5. This equation can, however, be changed to allow an arbitrary predicate P, to
define the elements of the distribution set as follows

D,(vo,n) = {(v1,...,0n) € (Vo)™ | Pa(fa(v1y. . 0n),00)} .

Example 5.15 (Constraint predicate)

Example 5.14 can be modified such that width w of the generated tree is limited by a pre-defined
constant. For this, the less-than-or-equal (<) relation is used as predicate P, and the distribution
functions are defined as follows

S — AB fw(vo) = (v1,v2), where v1 + vy < vy
Ay — aAy fw(vo) = (v1), where 1+ v; < g

A—a 1%}
By — bbB; fu(vo) = (v1), where 2+ vy < g
B — bb %)

The effect of the constraint introduced in Example 5.15 is very similar to the limit used by
the random tree generator. Therefore, it is possible to remove the special tree limitation from the
algorithm and replace it with a forced synthesized attribute using a constraint predicate. However,
tree limitation makes use of special rule and nonterminal properties min, and ming guiding the
rule selection so that the derivation is guaranteed to be successful, whereas a constrained derivation
might get to a dead-end as shown in Figure 5.4b. Therefore, for tree size limitation it is better to
use the special operator instead of constraint predicates.

5.2.4 Examples

In this section two examples are shown to demonstrate how forced synthesized attributes can be
used to restrict the search space and improve the algorithm.

Matrix multiplication

Since matrix multiplication is associative, if a sequence of matrices of different sizes is multiplied,
it is possible to optimize the costs by choosing the order in which the multiplication is carried out.
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Finding the optimal order means finding an optimal set of parentheses. For the sake of simplicity,
enough parentheses are used so that the usual left-to-right order of multiplication is completely
superseded. This means that for n > 1 matrices exactly n — 1 pairs of parentheses are used. A
random sequence of opening and closing parentheses is not always correct, but the set of valid
sequences can be generated by the context-free grammar

Gpar = ({SHAG)} Ppars ),

where the set of rules P4, contains two rules:

S = (98
S — A

This grammar generates sequences of n > 0 pairs, a number which can be calculated as a
synthesized attribute:
So — (51)52 Son=51.n+Son+1
S —= A Sn=20

To reduce the set of generated sequences to a given number of pairs, one can take attribute n
and make it a forced synthesized attribute using the following distribution sets:

So — (51)52 D(vg) = {(a,b) € N* | a+b=wp}
S — X ifvg =0 then D(vg) ={()}
otherwise D(vg) =0

The empty distribution sets are Dg_,(g)s(0) for the first rule and Dg_,x(vo), where vy > 0 for
the second rule. This means that for any vy € IN there is a rule that can be applied, thus no failed
derivations will occur.

Boolean regression

The standard example used in this thesis was the Boolean regression problem with 5 variables.
As the results in Section 4.6 show, DTGP was able to find a correct function with 38% success
rate. After discussing the possibility of semantic constraints, the question arises if it was possible
to restrict the search space to the set of correct Boolean functions using a properly defined forced
synthesized attribute.

In Section 5.1.2 it was presented, how the represented Boolean function can be calculated as
parameter. Thus one might try to use it to define a forced synthesized attribute. For some of the
rules there is exactly one nonterminal on the right-hand side, and the calculation of the parameter
is a simple assignment, that is the distribution function is deterministic. The two rules where the
distribution function is not deterministic are the following:

FEy—E,VvT Eop = E1p|Tp
To—>TAF To.p:=T1.p&F.p

The distribution function will be described only for the first rule. For the second rule the same
approach can be used. The distribution set is the following:

DE_>E\/T(U0) = {(a,b) | a|b = 1)0}.



66 CHAPTER 5. IMPROVING DTGP

For the definition of the distribution function, let us recall the truth table of the or function
for values 0 (false), 1 (true) and x (unknown).

* = ol <
* = Ol o
— = ] =
b S I

The use of the unknown value makes sense, because if one parameter is true, the result will
be true, independently from the value of the other parameter, as shown in the middle of the last
column and the last row. Therefore, when the distribution function is defined, one might decide not
to restrict the value, but use x instead. With the help of * one can define a more-generic-or-equal
relation =< for the values, pairs or sequences as follows:

Definition 5.16 (More generic or equal relation)
For sequences a = ajas...a, and b = bybs...b, with a;,b; € {0,1,%}, a is more generic than or
equals to b (b < a), if and only if

Vi<i<n: a; € {b,x*}

It means that for every position, the value in a is either the same as in b, or it is x. If b < a, but
a # b then a is more generic than b (b < a).

The distribution function can be defined bitwise. Given vy = ujusus...u, with u; € {0,1,}
the goal is to construct a = ajasas . ..a, and b = b1bsbs ... b, such that a|b = vy, that is for each
1 <7< na;Vb; = u;. The possible values for a; and b; for a given u; can be found in the truth
table, and they are also listed in Table 5.1.

u; | a; b u; | a; b u; | a; b
0 0 O 1 0 1 * 0 *
1 0 *~ 0
1 1 * %
1 *
* 1

Table 5.1: Possible distribution values of a single bit

To construct a and b, the distribution function selects the values for a; and b; from a randomly
selected line of the appropriate table. The resulting distribution function will work correctly,
and the generated derivation trees will represent the pre-defined Boolean function. However, if
the tables are examined closely, one can see that the distribution function has the possibility to
distribute * as (0,%), or (x,0), which means introducing a new restriction for a given bit. This is
not necessary at all, and since (%, %) is more generic than either (0,x) or (%,0), the distribution
function can be changed to always distribute x as (*,%). A similar observation can be made for
distributing the value 1 as well: (1,x) is more generic than (1,0), (%, 1) is more generic than (0, 1)
and both of them are more generic than (1,1). The updated tables with the more specific pairs
removed is shown in Table 5.2.

u; | a; by u; | a; by u; | a; by
0 0 O 1 1 * * *
* 1

Table 5.2: Possible distribution values of a single bit, without the more specific pairs
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If the value x is used, the distribution sets for the four rules with no nonterminals on the
right-hand side can also be relaxed. As an example, consider rule

V — Zo V.p :=1010,.

Normally for vy # 10109, the distribution set Dy _,z,(vo) would be empty. By allowing x the
distribution set can be defined to be also nonempty if vy is more generic than 10105, that is

Dy _z,(v9) # 0 < 10103 < vy.

With the rules above one can implement a semantic constraint that will restrict DTGP to the
set of correct Boolean functions, so the success rate of the algorithm is expected to be 100%. An
example for a derivation tree created using this constraint can be seen in Figure 5.6.

Figure 5.6: Derivation tree for semantically constrained Boolean regression

5.2.5 Limitations of semantic constraints

When semantic constraints are defined, one has to consider the failed derivations as well. With the
Boolean regression grammar there are four rules that can result in failed derivation: the rules that
rewrite V' to a variable. Since there are no other rules for V', prematurely selecting rule FF — V'
can yield a failed derivation. Therefore the distribution set for that rule has to be defined to allow
vo values that are more generic than or equal to the values represented by the variables. It is
useful to examine the number of these vy values to see the chance that rule FF — V can be applied.
Unfortunately this chance is almost exponentially decreasing as the length of the representation
is increasing.

Lemma 5.17 (Proportion of distributable values)

Given a Boolean regression problem with n = 2* bit function representations, where & is the num-
ber of variables. Assume that the grammar from Section 5.1.2 is used with a semantic constraint
on the function. Let us denote the set of possible values of forced synthesized attribute p with
V. That is V = {{0,1,%}"}. Let us denote the set of values for which the distribution set is
non-empty with V*. That is V* = {vg | Dr—v (vo) # 0}. In this case the proportion of the values
that can be distributed is decreasing almost exponentially with respect to n, that is

K)| = O(logn - ¢ "), with ¢ > 1.
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Proof 5.18
Given a rule V — x; with function representation b = b1bs ...b,. The set of values for which the
distribution set is not empty, that is the values that are more generic than or equal to b is

Vi={v=wva...v, | v; € {bs, *}}.
Therefore |V;| < 2". For rule V — Z; the set is denoted by V.

A value can be distributed by rule F' — V, if it can be distributed by V' — x; or V' — &; for
any 1 < j <k =logn. Thus

logn
V' = U (VZUT/Z).
i=1
This implies that

logn logn

V<Y (Vl+ W) <) 22" =2logn - 2"

=l i=l

Since each bit can have three values (0, 1, %), the total number of possible values is 3". Therefore

* 21 AL 2n 2\"
|K)|| < %372 = 2logn3—n =2logn <3) =2logn-1.57" = O(logn - ¢~ "), with ¢ > 1.

O

Generally, when the derivation tree is constructed and the required phenotype is passed down, it
is getting more and more generic, so the probability that rule FF — V can be applied is increasing.
It is therefore interesting to examine the proportion of distributable values if the number of
elements with x is known.

Lemma 5.19

Let us denote the number of x values in a function representation u with |u|,. Let us denote the
set of values having * in exactly m places with V,,,. That is V,,, = {u € V | |u|x = m}. Let
V=V, NV*. In this case

Vil - .
= O™, with ¢ > 1.
Vil
Proof 5.20
Let us select a vector of m positions @ = (a1, ..., an,) with 1 < a; < n and a; # a; if i # j. For

such a vector define the set of function representations that contain * exactly at these locations:
Vi={u=ui...up € Vi | Ug, = *}.

Set V,, can be described as the disjoint union of these sets. The number of these sets M > 1 is
not important.

Vi = Va

Let us examine the proportion of the elements in such a set that can be distributed by rule
F — V. There are m locations with %, and the remaining n — m locations can have two values (0
or 1). That is |Vz| = 2"~™. F — V can distribute a value, if all these n — m places match the
sequence represented by one of the 2logn rules for V. There can be less than 2logn matches, but
there is at least one. Therefore 1 < |V; N V*|. This means:

Vil _ 10an V) M-
[Vin| B |L"Ja Val - M-2nmm

=2"T" = Q") with ¢ > 1.
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Rule Ey — E; vV T distributes 1 as (1,x) or (x, 1), therefore if the number of ones in Ey is z,
the expected value of ones in both F; and T is 2:/2. A similar observation can be made for zeroes
and rule Ty — 71 A F. Thus these rules replace on average half of the zeroes and ones with x,
until there is only one left of each. Therefore, it is expected that by increasing the height limit of
the derivation trees one can ensure that the semantically constrained derivations will not fail.

To test this hypothesis, the forced synthesized attribute described above was used with the
Boolean regression problem. As defined in the previous chapter, the function is represented by a
32bit value. On this value constraints of various sizes have been applied. First the last bit was
fixed, then the last two, and so on. For each of these, random tree generation has been tested with
tree height limits up to 50. Using a given constraint and a height limit, the random tree generator
has been started 100 times. The number of successful derivations is shown in Figure 5.7.

100 T T R 100 T T T T
4bits —+— Mf T height limit 50 —a—
8 bits —<— height limit 25 —&—

80 | 12bits —%— fyvxf 80| height limit 10 —v— _|

16 bits N
20 bits g
o o
# /

60 -

40 40 |- \

successful derivation rate (%)

successful derivation rate (%)

20 20 -

10 20 30 40 50 0 5 10 15 20 25 30
height limit fixed bits

(a) for increasing height limit (b) for increasing constraint size

Figure 5.7: Successful derivations using phenotype constraint

It can be seen that as the height limit is increased, the success rate is increasing as well, at
least if 16 or less bits are fixed. It is also interesting to see, what height limit is required to achieve
a given success rate. Figure 5.8a contains this information with respect to the number of fixed
bits for success rates 10%, 50% and 90%. However, increasing the height limit increases the tree
sizes as well. This information has also been measured and the results for 16 fixed bits are plotted
on Figure 5.8b. As expected, the size of the tree is increasing exponentially, and for height limit
50 the median almost reaches a node number of 1 million.

T
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Figure 5.8: The effect of increased constraint on tree height and tree size

The results show that theoretically it is possible to introduce a semantic constraint on the
represented Boolean function. However, practice shows that it is useful only up to a certain limit,
because larger constraints require larger tree height limits, which in turn cause exponentially
increasing tree sizes. Even though this particular issue only affects random tree generation, it
is also easy to see that pool crossover becomes less and less effective as the constraint size is
increased, since the number of pools is also increasing exponentially.
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5.3 Randomization

Derivation tree based genetic programming, just like any other stochastic algorithm depends
greatly on the quality of randomization, since it can introduce a bias in the search, and determines
which parts of the search space have higher probabilities to be discovered. Usually evolutionary
algorithms use a randomized selection. Furthermore, genetic programming methods, like DTGP
use random node selection and randomized tree generation. All three parts will be examined in
this section to ensure that the search space remains intact and no unwanted bias is introduced
during the process.

5.3.1 Selection

There are various selection types that are used with evolutionary algorithms, and any of these
can be used with DTGP. The selection operates based on the fitness value, which is usually a
numerical type, therefore a random selection is easy to implement. For example, implementing
fitness proportional selection is straightforward using a roulette-wheel algorithm. Thus, regarding
selections, DTGP is not different from any other EA.

5.3.2 Random node selection

As it was discussed in Section 4.5.2, random node selection was designed to take the node weight
into account, thus the selection probability is proportional to the node weight. By default, that
is if node weight is 1, it guarantees that each node has the same probability to be selected, as it
can be seen in Figure 4.8b.

In Section 5.1.4 some examples were shown for defining a nonstandard node weight. To check
the influence of this setting on the algorithm, some tests were made with the Boolean regres-
sion problem. The three previously mentioned examples were used for selection weight, and 100
independent runs were carried out with each. The results are shown in Figure 5.9.

100 . standard mEEEE balanced = small m—

T T T
standard —a— balanced —&— small —»—

80 |- 4

60 [- ]
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40 [

success rate (%)

20 [
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generation matched bits
(a) success rates (b) final results

Figure 5.9: Regression test results with various node selection weights

Of the three node weights, the standard one provides the best results. An explanation for
this is that the other options restrict the search space by decreasing the probability of certain
subtrees to be replaced. For mutation it is usual to change only small subtrees, but if the same
selection weight is also used for crossover, it will prevent large trees to be swapped. The median
value of the best fitness is plotted in Figure 5.10a, it also shows that the standard selection weight
gives the best results. However, examining the population size plotted in Figure 5.10b one can
see that using a selection weight that prefers small trees, the total size of the population can be
significantly reduced. Thus, one can decide to allow a reduction of the success rate in exchange
for the improved memory consumption caused by the reduced population size.
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Figure 5.10: Population statistics for various node selection weights

5.3.3 Random tree generation

The elements of the solution space are discovered by creating derivation trees that contain the
solutions at their frontier. However, the distribution of the derivation trees is not the same as the
distribution of the solutions. The relation between the space of derivation trees and solution space
might be quite complex. Therefore even if a tree generator appears properly randomized, it might
introduce a search bias on the solution space. The concerned steps in the random tree generator
are the random rule selector and the subtree limit distributor, both of which will be examined.

The simplest way to examine the distribution in the solution space is to use a finite, ordered set
for phenotypes, so that a histogram can be plotted using a two-dimensional chart. However, it is
also important to examine more complex structures. Although these cannot be plotted directly on
a histogram, some of their properties, like the derivation tree size can be used for such a purpose.

For the first type of test, a finite subset of positive integer numbers will be used. The elements
of such a set can be generated by several grammars. The one used for our tests is the following:

G;=({S,I,D,P},{0,...,9},P;,S) where P; is

S — PI

S —» P

I — DI

I — D

D — 0|1|2]...]9
P — 1|2]...]9

The idea is straightforward: an integer starts with a digit that is not zero (P) and it is followed
by a sequence of digits (I). A sequence of digits is either a single digit (D) or a digit followed by
a sequence.

All the nonterminals have multiple rules, however all those for D and P act in the same way:
they generate a single terminal symbol. However, the ones for S and I are significantly different.
The ones creating P or D respectively will end up in a single terminal symbol in the following
step, but PI and DI can be rewritten to practically any possible integer.

It is also possible to create a more advanced grammar and use different rules for S and I and



72 CHAPTER 5. IMPROVING DTGP

remove nonterminal P completely:

S — 1
I — I
I — D

Let us denote the grammar using these rules with G. This grammar will also need a semantic
constraint so that the first digit is not 0.

To test the distribution of the generated solutions, a width limit of 3 has been introduced to
limit the numbers to 999. Then 106 trees were generated using both grammars and the histogram
of the generated numbers has been plotted as shown in Figure 5.11. These results show that
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Figure 5.11: Distribution of generated integers

single digit numbers have far higher probability than two or three digit numbers, and three digit
numbers have very low probability, although G} shows some improvement. On the other hand, the
frequency of integers with the same number of digits is comparable. This means the distribution
among trees of the same height or width is fairly uniform. Thus, the main issue is to increase the
probability of generating larger trees. The quality of the random tree generator in this aspect can
be examined using a different type of chart as well.

When a limit is set on the tree size and random trees are generated, it is expected that trees
of all sizes within the limit are generated, and since the number of possible trees is growing with
the size, one expects to have more of those. This information for increasing size limits can be
plotted using so called heatmaps, that is two-dimensional matrices with colors representing the
frequencies of the generated sizes. The expected results and the actual results using G; are plotted
in Figure 5.12.

Note that the expected results might not represent the ideal case. For DTGP it is better to
have higher probability for smaller trees to avoid bloating that is usually causing a problem for
GP. Furthermore, it is not necessary to create large trees with the random tree generator, they
can be created later from smaller trees via mutation and crossover. Nevertheless, RTG is expected
to generate at least a few large trees up to the limitations.

Similar plots can also be created for solution spaces that are not ordered or not finite. In the
rest of this chapter such heat maps will be created for the Boolean regression grammar introduced
earlier.
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Figure 5.12: Tree width frequencies for various width limits

Random rule selection

As shown above, the grammar has an influence on the random tree generation. However, sometimes
it is not obvious how to change the grammar, and its influence on the randomization might be also
difficult to foresee. On the other hand, random rule selection can be changed to assign weights to
the rules. Some possibilities to define weights are listed below:

Minimum value of the rule — this is the smallest tree that can be generated starting with the
given rule. The derivation cannot end in a smaller tree than the minimum, thus it provides
a lower limit for the generated tree size.

Number of nonterminals — more nonterminals mean more possibilities for extending the tree,
resulting larger trees.

Number of follow-up rules — this is the sum of the number of rules for each nonterminal on
the right-hand side. This represents the number of possibilities for continuing the derivation
after a rule has been applied. Instead of the sum one can also use the product.

The Boolean regression problem has been tested with various weights. During each test the
width limit was between 1 and 100, and 1000 trees were generated. The actual width of each tree
has been measured and finally the heatmaps have been plotted. Note that the grammar defined in
Section 4.6 will only generate words of odd length, therefore rows representing even lengths were
removed from the picture. The results are shown in Figure 5.13.

When the minimum tree size is used as weight, the random tree generator is able to use most
of the limit, that is trees almost up to the limit are generated. For other rule selection weights,
the limit is used when it is small enough, but when it reaches 100, only a few trees are generated
with width above 50, so the effect of increasing the limit from 50 to 100 is very small.

To see the effect of the rule selection on the final results, the Boolean regression problem was
tested with two setups: first the minimum tree size, then the product of the follow-up rules were
used as selection weight. In both cases 100 independent runs were carried out, and the final
results are plotted in Figure 5.14. They show that using the tree minimum provides the best
results; although the success rate slows down earlier, it still keeps increasing during the last steps,
because the algorithm can examine a larger part of the search space, thus it loses diversity in a
slower rate.

The behavior of the algorithm can also be examined during the generations: median fitness
values and median population sizes are plotted in Figure 5.15. The best fitness values are similar,
but there is a difference in the population size. When the product of follow-up rules is used, the
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Figure 5.13: Tree width frequencies for the expression grammar

random tree generator generates smaller trees, so the total size of the population is smaller right
from the beginning. On the other hand, if the rule minimum is used, the generated trees are larger,
but that does not necessarily mean that the population size gets bigger, because it is counteracted
by the size factor in the fitness value. In fact, it provides the opportunity for the mutation to
replace larger trees, so a larger portion of the search space is examined and better individuals are
found. Due to the size factor in the fitness value, better individuals also mean smaller individuals,
thus the total size of the population decreases as the algorithm progresses.
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Figure 5.14: Regression test results with various rule selection weights
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Figure 5.15: Population statistics for various rule selection weights

Subtree limit distribution

After a rule is selected and applied, that is new nodes are inserted into the derivation tree, the
limits for the subtrees have to be calculated and passed on to the random tree generator for each
nonterminal node. For the terminal nodes this value is constant, that is 1 in case the size or the
width is limited, and 0 if the height is limited. If the height is limited, the distribution strategy is
very simple: for each nonterminal the height limit is one less than the height limit for the parent.
If the size or the width is limited, the calculation schema can be more complicated.

To calculate the limits one has to consider two factors: the limit for the parent node, and
the minimum tree sizes for the child nodes. The minimum tree sizes for nonterminal symbols are
given by mins as described in Section 4.5.1. Usually there is a difference between the limit on the
parent and the combined minimum sizes. This difference can be arbitrarily distributed among the
subtrees, and there are various strategies how to do this:

Random - for each nonterminal the same weight is used, this is the standard setting.
Weighted — each nonterminal is weighted, for example by the minimum tree size.

Sequential — after limits are distributed, subtrees are created sequentially, for example from left
to right. Then for each tree the actual size is measured and the unused limit is re-distributed
among the remaining nonterminals.

The sequential strategy is not used because it introduces a bias: subtrees further to the right
get larger limits. However, the weighted distribution might improve random tree generation,
as it gives larger limits for nonterminals that are expected to be able to generate larger trees.
Nevertheless, the tests showed no significant improvement for the Boolean regression problem or
for the integer generation, therefore it is enough to use the standard limit distribution strategy.

5.4 Summary

In this chapter some details of the DTGP algorithm have been examined, and opportunities
for improvements and extensions have been identified. First it has been demonstrated how the
parameters stored in the derivation tree can be used to extend the method. These parameters can
be used for several purposes:

Information retrieval — with the help of the parameters some information needed for evaluation
can be made available in constant time. Such information includes frontier, represented
function, partial or complete fitness value.
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Operator configuration — the information stored at the nodes can be used to modify the be-
havior of operators, for example by biasing the random node selection.

It was also presented how semantic constraints can be added to the algorithm. Some examples
were shown and the limitations were discussed. This extension has been achieved using the
following concepts:

Distribution sets and functions define how a pre-defined parameter value can be distributed
among the subtrees.

Forced synthesized attributes define a bottom-up parameter with the distribution sets and
distribution functions.

Semantically constrained derivation is the method used to apply forced synthesized attributes
during the derivation. It requires a specially defined random tree generator.

Index function for attributed nodes is used instead of node labels to identify the appropriate
pool during a pool crossover.

Finally the randomized parts of the algorithm have been examined and the effects of weighting
have been tested. The considered methods are:

Random node selection has an effect on the operators by determining what kind of subtrees
are selected for replacement, which in turn can have an influence on the population size.

Rule selection has an effect on the random tree generator, and can positively influence the final
results by widening the range of the search space covered by the algorithm.

Size limit distribution has a minor effect on the random tree generator.



DTGP applications

In the previous chapters it was presented how derivation tree based genetic programming can be
used to solve a Boolean regression problem. As a GGGP approach, DTGP is applicable to any
problem where the solution space can be described by a context-free grammar.

In this chapter some additional examples will be discussed briefly. The first example is the
6-Multiplexer problem, which is a standard example for GP. The second example is the traveling
salesman problem, which is often used to test optimization methods. DTGP has been used in a
joint project with the Fraunhofer Institute for Integrated Circuits to optimize finite input response
filters. [51] This practical application is summarized in Section 6.3.

6.1 6-Multiplexer

A standard example for genetic programming is the multiplexer problem. The multiplexer is a
logical circuit with n address bits and 2" data bits. Its output is the value of the data bit identified
by the address bits. The simplest case is the 3-Multiplexer problem with 1 address bit and 2 data
bits.

There are several ways to define the allowed circuits, for example one can allow logical gates
or simple programs. In this section the set of operators {AND,OR, NOT,IF-THEN—-ELSE}
will be used to represent solutions. The problem for n = 2, that is the 6-Multiplexer is illustrated
in Figure 6.1. In many aspects this problem is similar to the Boolean regression example used in
this thesis.

SIX-MULTIPLEXER(a, d)

1 if aq
. . 2 then if a
a:]di|do d: d3 d2 dl do tgen return ds
else return d,

else if ag

then return d;
else return dy

~N O O W

(a) setup (b) a solution

Figure 6.1: The 6-Multiplexer Problem

7
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6.1.1 Unbiased solution

For the first test with DTGP we will use grammar G, as introduced by Whigham to demonstrate
his GGGP system called CFG-GP [47]:

={{S,B,T},X6m, Pem, S}, where

Eﬁm = {and, or, nOta Zf? a07a17d05 d17 d27d3}7

and the rules in Pg,, are the following:

S —- B

B — not(B)

B — and(B,B)|or(B,B)
B — if(B,B,B)

B —» T

T = a|ar

T — doldy]da]ds

The test setup was similar to the one used for Boolean regression: 1000 individuals were created
and 100 steps were done. The fitness calculation was also the same, all 64 possible evaluations were
checked and every match increased the fitness by 1000, then the size of the tree was subtracted to
get the fitness value.

The fitness values and the best tree dimensions for a single run are shown in Figure 6.2.
Since the most significant improvements occurred in the first half of the process, only the first
50 generations are plotted. The charts show that the single run could reach a fitness over 63000,
meaning a 64-bit match.
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Figure 6.2: 6-Multiplexer single test results with Gg,,

The best solution found by the single run is shown in Figure 6.3. Structurally it is similar
to the simple manual solution, there are three if branches and four return statements for the
four individual bits. The logic is a bit different, and there are some obvious places for manual
adjustments (for example =—dp), but the overall size is very small.

The tree dimensions during the single run are depicted in Figure 6.4. For the largest part of
the population the width quickly drops below 500, and after 50 steps 75% of the individuals is
shorter than 250. It can also be seen that there is an approximately linear relation between the
tree size and the tree width, just like in the case of the Boolean regression problem.
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SIX-MULTIPLEXER(a, d)

1
2

3
4
5
6
7

or

if —|(d0 A —|(a0 V a1))
then if —ag
then return ds A aq
else if a;
then return ds A ag
else return d;
else return ——d

Figure 6.3: Best solution found by a single DTGP run
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Figure 6.4: 6-Multiplexer individual dimensions

As no general conclusions can be made from a single run, another test was carried out in which
100 independent runs were made. The results are plotted in Figure 6.5. It can be seen that after
10 steps there was already at least one population with best fitness over 63000, and by generation
50 most of the populations reached that stage, that is they found a 64-bit match.
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Figure 6.5: 6-Multiplexer results

The results show that DTGP can solve the 6-Multiplexer problem without any special settings.
However, it is interesting to examine if the results can be improved by using a different grammar,

additional options provided by DTGP.
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6.1.2 Grammatical bias

Grammar Gg,, is only one possibility to describe the solutions. Whigham achieved the best results
using the following grammar, which is denoted by Gem—if—ao—if—a1 in his work [49], but will be
called Ggn; here for the sake of simplicity: Gemi = {{S, B, T, I}, Z6m, Pemi, S}, where the set of
nonterminals is the same as before and the rules in Pg,,; are the following

S = if(ao,I,B)

I — if(a, B,B)

B — not(B)

B — and(B,B)|or(B,B)
B — if(B,B,B)

B —- T

T — ap|a

T = dol|d|ds|ds

The first rule is changed and the second rule is new compared to Pg,,. These changes make
the first two steps during a left derivation deterministic:

S =if(ag,I,B) = if(ag,if(a1, B, B),B)
Therefore, the structure of each individual will be forced to the one shown in Figure 6.6.

SIX-MULTIPLEXER(a, d)

1 if (%))

2 then if a;

3 then [B]
4 else [B]
5 else [B]

Figure 6.6: The structure of the individuals defined by grammar Ggy,;

The fitness values and the dimensions of the best individuals during a single test run using
Gemi are shown in Figure 6.7. The solution can be seen in Figure 6.8.
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Figure 6.7: 6-Multiplexer single test results with Ggmn;
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SIX-MULTIPLEXER (a, d)
1 if apn
2 then if a;
then return ds
else return d;
else if a;
then return d,
else return d

~N O U W

Figure 6.8: Best solution found by a single DTGP run using Ggm;

The result found by DTGP using Gg,; has the exact same structure as the manually created
example. It is the direct consequence of the pre-defined format shown in Figure 6.6. Just like in
the case of previous examples, 100 independent runs were carried out using grammar Gg,;. The
results are shown in Figure 6.9. These plots show that using a grammatical bias, DTGP can find
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Figure 6.9: 6-Multiplexer test results for 100 independent runs with Ggn,;

64-bit match for the 6-Multiplexer problem within 50 steps, but in most cases it is reached within
20 steps, and in the best case less than 10 steps are enough.

6.1.3 Semantic constraints

Although using Gg,,; improves the results, the grammar itself contains too much information
about the expected solution. In general it is not possible to use the knowledge that will only be
found after the optimization problem is solved. However, some other restrictions can be defined
without a-priori information regarding the optimal solution.

Looking at the result in Figure 6.3 one can see that the conditions for the if statements use
not only the address bits, but the data bits as well. Furthermore, the returned value is calculated
not only using the data bits, but also the address bits, although it can be considered as masking or
selecting with the help of logical operators. Nevertheless, one might want to restrict the conditions
to the address bits and the calculations to the data bits.

Such a semantic constraint can be introduced by defining a forced synthesized attribute called
type. It will be used to show if the expression represented by the nonterminal symbol is address
or data. Furthermore, a third value is used to show if the type is invalid, for example address and
data are combined with logical or. That is

Viype = {address, data, invalid}
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Attribute type is a synthesized attribute, as it can be calculated in a bottom-up fashion by
extending grammar Gg,, with the following rules:

S—B
By — ’rLOt(B1)
BO — cmd(Bl, BQ) | 0’)"(31, BQ)

B() — Zf(Bl, BQ, Bg)

S.type = B.type

By.type = By .type

if By.type = Bsy.type then By.type := By .type
otherwise By.type := invalid

if By.type # address then I.type := invalid

if By.type = Bs.type then I.type := Bs.type
otherwise I.type := invalid
B—=T
T —ap | aq
T —dy|dy|da|ds

B.type := T.type
T.type := address
T.type := data

This schema means that the parameters of the operators have the same type, except the first
parameter of the if expression, which is always an address. If this condition holds then this type
is also used as the type for the whole expression, otherwise the type is invalid. The semantic
constraint can be introduced by setting the forced value of S to data, and using the following
distribution functions or distribution sets to define grammar Gegp,s:

S— B f(

B — not(B) f(

B — and(B, B) | or(B, B) f(t
B —if(B,B,B) f(

B—>T f(

T—ao|ar D
T—dy|d|da]ds D

address) = {()}, D(data) = D(invalid) = ()
data) = {()}, D(address) = D(invalid) = ()

—_ o~

The results from a single run are shown in Figure 6.10. It shows that the course of the process
is similar to the previous ones, but the size of the best individual is smaller. The final result of
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Figure 6.10: 6-Multiplexer single test results with Ggms

the single run can be seen in Figure 6.11, where both the derivation tree and the phenotype are
shown. The colors in the derivation tree represent the value of forced synthesized attribute type.
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fitness

(a) derivation tree

SIX-MULTIPLEXER(a, d)

1 ifa; Aag

2 then return ds

3 else if ay

4 then return d,

5 else if ag

6 then return d;
7 else return d

(b) the solution

Figure 6.11: Best individual found by a single DTGP run with Gg,s

The results for 100 independent runs are plotted in Figure 6.12. They are similar to the results
with Ggmi: the best run reaches a 64-bit match within a few steps, and most of the runs achieve
it within 25 steps.
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Figure 6.12: 6-Multiplexer test results for 100 independent runs with Ggy,s

Note that the issue of failed derivations as mentioned in Section 5.2 does not appear with this
grammar. The only case a derivation could fail due to an empty distribution set is when a rule for
T has to be found. However, if the forced value of type is address or data there will be applicable
rules, so the derivation can be finished successfully.

6.1.4 Multiplexer summary

In this section three possibilities were presented for solving the 6-Multiplexer problem using deriva-
tion tree based genetic programming. The mean fitness values and mean population sizes during
the process are plotted in Figure 6.13 and the final results of the three approaches are compared
in Figure 6.14. The success rate is very similar for Gg,; and Ggms, 100% is reached around step
50. Grammar Gg,, yields worse results, but by step 100 a success rate of 97% is reached.

The results show that using a biased grammar like Gg,,; better results can be achieved. How-
ever, even with a generic grammar like Gg,,, with no a-priory knowledge, DTGP can solve the
6-Multiplexer problem, and the results are even better when semantic constraints are used.

If these results are compared to the ones in [49], one can conclude that using the given pa-
rameters, DTGP outperforms CFG-GP, which only achieves 37% and 88% probability of success
with Gg,, and Gg,; respectively. However, one must note that CFG-GP used a population size of
50, while DTGP used 100 individuals. Furthermore, CFG-GP uses post-selection to filter out too
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Figure 6.13: 6-Multiplexer average population characteristics with various grammars
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Figure 6.14: 6-Multiplexer results with various grammars

large individuals, whereas DTGP has only a limit on the generated individuals, which is forced by
the RTG algorithm, and later the size is not bounded. Instead, the size of the individual is used
in the fitness value to drive the process toward smaller trees. This allows larger and thus more
diverse trees, and with the logarithmic operators DTGP can handle these within an acceptable
time.

6.2 Traveling salesman problem

The traveling salesman problem (TSP) is a well-known NP-complete optimization problem. [9] The
task is to find the shortest tour through a given set of cities. There are several algorithms designed
to solve the T'SP [4], but it is also used as a benchmark for generic optimization algorithms. Finding
a solution for the TSP is also a challenge in the field of genetic algorithms, and during the last
decades several solutions have been proposed. [24]

The TSP can easily be reformulated in terms of graphs. Given a graph, that is a network of
cities connected with roads N = (C, R), where C = {¢1,c¢a,...,¢,} is the finite set of cities, and
R C C x C is the finite set of roads. The roads can be denoted by indices, as ry,7g,... or they
can be specified by the starting and ending cities as r; j = (¢;, ¢;) pairs. There is also a function
defining the weight of each road representing the length or cost:

w:R—1R

The goal is to find a circle in the graph with minimal cost such that the circle visits all cities.
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It is often required that the cities are visited exactly once. It is also common to assume a total
graph, with cost set to infinity for edges between cities that are not connected by a road. In this
section, it will be allowed to visit the cities more than once, and also a total graph is assumed.
Furthermore, it will also be allowed not to visit all the cities, but for each missed city a penalty
will be given. Note that it is possible to define the TSP such that multiple roads are defined
between two cities, but it will not be used here. Furthermore, a road from a city to itself will be

allowed, meaning R = C x C. In the following sections the number of cities will be denoted by n,

thus the number of roads is n?.

There are two ways to define the candidate solutions. They can be described as sequences of
k € N cities, or as sequences of roads connecting [ € N cities:

SC = {cilcig .Gy € C* ‘ V1 <5< k—1: (Cijacij_H) S R}
SR = {Til,izriz,i3 - Tia,i € R*}

In words, the solution is a sequence of cities such that there is a route between each adjacent
city. In case of road sequences, the solution is a sequence of roads such that each road ends in the
city where the adjacent road starts. In case the graph is total, any sequence of cities is allowed,
because a road exists between every city.

6.2.1 Regular grammar for road sequence

One way to generate road sequences is to define a regular grammar with nonterminal symbols P;
representing a path starting at city ¢; with 1 < ¢ < n, that is for each city. Such a path can be
replaced by a road r; ; to city ¢; and a path P;, for any road starting from city c;. That is

Gtsp,'r = (A/tsp,rv Etsp,'r’a Ptsp,'m S)7

where Nigpr = {P; | 1 < i < n}U{S}, Lepr = {rs | 1 < k,1 < n} and Py, is defined as
follows:

Pi—>TZ',ij V1<Z,]Sn
.P7;—>’I"Z'J V1§17]<n

For fitness calculation two parameters can be introduced. The cost can be computed in pa-
rameter cost, and the set of the visited cities can be stored in parameter visited. Given the weight
function w, these parameters are calculated as follows:

S — P S.cost := P;.cost
S.visited := P;.visited
P, —r;;P; P;.cost := Pj.cost +w(r; ;)
P, visited := {i} U P;.visited
P, =, P;.cost := w(r; ;)
P, .visited := {i,j}

This setup was tested on a small example. Given the five Irish international airports: Dublin,
Shannon, Cork, Knock and Waterford. Find the shortest circle to visit all of them, where the cost
of a segment is the great circle distance between the two airports. Note that the grammar only
generates paths with a randomly selected starting point. Therefore, an additional step from the
last visited city to the first one has been added during the genotype-phenotype mapping.
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The evolutionary algorithm used 1000 individuals and 100 independent runs were done. The
fitness function was the number of visited cities multiplied by 1000, minus the cost of the circle.
Since the grammar only calculates the cost for the path from the first city to the last, and not the
circle, the cost for the road from the last city to the first has been added to the cost parameter
calculated using the schema described above. The fitness values are plotted in Figure 6.15 and
the optimal result found by the algorithm is shown in Figure 6.16.
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Figure 6.15: Test results for the small TSP
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Waterford
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Figure 6.16: Solution found for the small TSP

Due to the definition of the rules, the size-width ratio converges to 2 as the size increases,
because there are k leaves, k internal nodes labeled with P and the root node labeled with S. If
the dimensional data is plotted it also shows this direct relation, as it can be seen in Figure 6.17.
Note that for better visibility, random numbers from the interval [0,1) have been added to the
width and to the height values, so that the dots representing the trees would not cover each other.

The 5 city TSP is a relatively simple problem, so it is no surprise that DTGP is able to
find an optimum very quickly. However, the above mentioned grammar cannot be extended to
larger problems in an efficient manner. Although the size of the nonterminal set is linear, that
iS [Nisp.r| = O(n), the size of terminal set and number of production rules are quadratic, that is
[Stope| = O(n2) and [Pruy| = O(n2).

As discussed in Section 4.5.6, the success rate of pool crossover is inversely proportional to
the size of the nonterminal set, and the operator cost of mutation is directly proportional to the
number of rules.
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Figure 6.17: Sizes during the small TSP test

6.2.2 Regular grammar with parameters

To overcome the issue of increasing symbols and rules, one can store city indices as parameters
and use semantic constraints as introduced in Section 5.2 to ensure a correctly described path. To
achieve this, a parameter called step € N? is defined, which is a pair [sy, so] describing a path from
city cs, to city cs,. Parameter step assigned to a nonterminal symbol will be interpreted as path
between two cities, whereas if it is assigned to terminal symbol r it will mean a road between the
two cities. Thus, the solutions for the TSP problem can be described by the following grammar:

GtSPaS = ({Sa P}7 {T}7Ptsp787 S),

where Py, 5 is defined as follows:

S—P fstep([shSQ])
P—-=rP fstep([slaSQ])
P—r fstep([slaSQ])

([i,2]), where 1 <i<n
([81>j]7 [.77 @])7 where 1 S.] S n
([s1,k]), where 1 <k <mn

Note that the second item of parameter step assigned to P is always @, and it is therefore
ignored. It is consistent with the previous interpretation of P that it represents a path starting
from a given city, but the endpoint is not specified. The first rule of the grammar finds a random
starting point ¢;. The second rule adds a road from the starting city to a randomly chosen next
city ¢;. The rest of the path must start at c;. The last rule is used to stop the path after making a
last step to cx. Note that unlike in the previous examples, the parameter values are not constant
for the terminal symbols, thus a distribution function is defined for the last rule as well.

To see how the second grammar works, and also to show how it differs from the first one,
consider the following two derivation sequences for path cacseics, first using regular grammar
Gtsp,r:

S = Py = ro3P3 = ra3r31P1 = 123731715,

then using regular grammar Gy, s With semantic constraint:

S = P([2,2]) = r(12,3))P([3, 2]) = r([2,3])r([3, 1) P([1, 2]) = r([2,3])r([3, 1])r([1, 5])

The city codes are the same, and the calculation scheme seems to be the same as well, but
in the first case 4 nonterminals (one for each city) and 3 terminals (one for each road) are used,
whereas in the second case only 2 nonterminals (S, P) and a single terminal (r) is needed.

The 5 city TSP has been tested with this grammar as well. DTGP found the same optimal
solution, although this time it took a bit longer as it can be seen in Figure 6.18.
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Figure 6.18: Test results for the small TSP with parameterized regular grammar

The results show that grammar G,y s does not work as good for the 5 city problem as Gtsp.r,
but it has a big advantage: it can be applied to larger problems. As an example, it has been tested
on dj38, a problem containing 38 cities in Djibouti. This example has been downloaded from [1].
The parameters for DTGP were the same, but the fitness function has been slightly adjusted: each
visited city increased the fitness by 10000 because the circles are longer, thus the costs are higher.
The results are shown in Figure 6.19.
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Figure 6.19: Test results for the large TSP with parameterized regular grammar

If only the fitness values are observed, the results look promising. However, if the path is
plotted on the map, as shown in Figure 6.20, one can observe, that the result is far from the

optimal route.

If the evolutionary process is observed closely and the individuals are examined, one can find
that the degenerate derivation trees caused by the regular grammar are causing a problem. When
a subtree is selected as a target for an evolutionary operator, it means that a suffix of the road
sequence is selected. Thus the operators can only change the suffixes of the sequence, and it is
not possible to replace some internal sections. To solve this issue, one can try to use a different
grammar, that has rules with more than one nonterminal symbol on the right-hand side.

The result of the test shows another place for potential improvement. To ensure that all cities
are visited, the fitness is increased for each visited city. However, it is not a guarantee. Therefore,
one can try to introduce a semantic constraint based on synthesized attribute visited.
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Figure 6.20: Large TSP result using regular grammar with parameters

6.2.3 Context-free grammar with semantic constraint

The idea of denoting a path by nonterminal P as mentioned in the previous section can be extended
such that not only the starting city but also the ending city is defined. This can be achieved by
making use of the second item of the step parameter, which was always set to @ for P. If it is used
to contain the ending city instead, the set of road sequences can be described by the following
context-free grammar:

GtSP,C = {{S’ P}7 {7‘}, ,Ptspma S}a

where the set of rules Py, . is defined as follows:

S =P faep([s1,52]) = ([i,i]), where 1 <i <n
P— PP fueplls1,52]) = ([s1, 4], [ 52)), where 1 < j <n

P—r fstep([SLSQD = ([81’82])

To use parameter visited as a forced synthesized attribute, the following distribution sets can
be defined with the help of parameter step:

S—P Dvisited(v) = {(U U {l})}
P — PP Dyisitea(v) = {(v1,v2) | {s1,5} C v1 A{j,s2} Cva AviUvy =0}
P—r Dvisited(”) = {()}’ if vN {317 32} = (), otherwise DviSited(U) =0

Note that for the second rule s; is included in vy and similarly ss is included in vy, because
these cities will always be covered by the first and second path respectively, thus including them
will not add an extra constraint on the derivation. On the other hand, adding s; to v; means that
it does not have to be added to va. The test results using this grammar can be seen in Figure 6.21,
and the best result found by the algorithm is shown in Figure 6.22.

6.2.4 TSP summary

The results of the various TSP tests show that it is possible to construct a DTGP algorithm for
optimizing a TSP route, although the found solution is not always optimal. That shows that
even though DTGP is highly-configurable and can be applied to many kinds of problems, it is not
well-suited for these kinds of tasks. Since the solutions for a TSP are paths or circles in graphs,
they have an internal structure very different from words of context-free languages. Therefore,
applying a syntactically constrained optimization algorithm is not the best choice. Also note that
there are very few examples in the literature of canonical or grammar guided genetic programming
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Figure 6.21: Large TSP results with context-free grammar

Figure 6.22: Result for the large TSP with context-free grammar

being applied to solve the TSP. Instead of trying to apply GGGP to the TSP, there were some
attempts to use grammatical evolution to find ant colony optimization algorithms that can find
the solutions. [13, 40]

6.3 Finite input response filters

A specialized version of DTGP has been used in a real-world application with the Fraunhofer
Institute for Integrated Circuits to optimize finite input response filter (FIR) structures. [51, 50]
FIR filters are commonly used in digital signal processing. A filter structure is primarily defined
by its transfer function. During the design of FIR structures, this transfer function is given and
then a circuit is constructed that describes the function. The usual components allowed in the
circuit are shifters, adders, multipliers and delayers. The goal is to minimize the cost of the circuit
by reducing the number of components, and preferring cheaper components (like shifters) over
more expensive ones (like multipliers).

The transfer function can be described as a sum of unique polynomial component terms:
n
y = Zak L9k _x5k _Z—ﬁk,
k=0

with 0 < 0 < P, 0 < S < M and n < max{M, P}, where P is called the degree of the structure
and M is called the order of the structure. The set of transfer function descriptions is denoted by
F. A component term has three parts:
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o Coefficient oy, - 27+ depends on the multiplier ay and the shifting factor .
e Exponent d.

e Representation of the delay 2~ with 8; delay cycles.

The structures themselves are created from shifters, adders, multipliers and delayers. Two
2

examples taken from [50] for implementing transfer function 22321 + 8222~2 are shown in Fig-

ure 6.23.

d)y1:=((z2)x);y=(y1-22 27 +y1-z)-271

Figure 6.23: Examples for implementing 223271 + 822272

These structures can also be described using the following functions:

e shifty: F — F, where shifty(p) =2%-p
e add: F?> — F, where add(p1,p2) = p1 + p2

o mul: F? — F, where mul(py, p2) = p1 - p2
e delayy: F — F, where delayy(p) =p-z~F

The set of valid FIR structures can be described by context-free grammar Gprg [51]:
Grir = {{S,E, N}, {shift,add, mul,delay, z, (,), comma}, Prrr, S},
where the set of rules Pprg is the following:

E

shift(E, N)
add(E, E)

mul(E, E)
delay(E, N)

x
1123/4|5]6|7]8

1

e N e R T VY
N

The polynomial represented by the structure can be calculated as a synthesized attribute poly
using the calculation schema described above.

Using an extended version of DTGP, the EvolFIR system has been created to find optimal FIR
structures for pre-defined transfer functions. [51] The EvolFIR system uses attribute grammars
and slightly modified methods for tree generation and random node selection. Furthermore, it
employs special derivation tree representations, because it was necessary to create redundancy-
free structures. To make sure that the described transfer function is the same as the one defined
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in advance, EvolFIR applies a decomposition operator whenever a rewriting rule is applied, so
that the composition of the polynomials in the subtrees give the required polynomial.

It should be noted that while EvolFIR used poly as inherited attribute and decomposition
functions, it is also possible to use poly as forced synthesized attribute and define the appropriate
distribution sets and distribution functions.

6.4 Summary

In this chapter three examples have been presented to demonstrate how DTGP can be applied to
various problems.

The 6-Multiplexer problem shows that DTGP can create simple program structures. Fur-
thermore grammar Ggn,s demonstrated how forced synthesized attributes can be used to
ensure type safety. In this example it means separating address and data.

The traveling salesman problem is a good example for problems that do not have strict syn-
tactical structures. DTGP can be applied to such problems as well, although with limited
success.

Optimizing FIR structures is a real-world problem, where DTGP — with some modifications
— can provide good results that are comparable to those received with other special FIR
optimization tools.



Conclusions in English

In this thesis a new grammar guided genetic programming method, called derivation tree based
genetic programming (DTGP) was defined and evaluated. It uses derivation trees over a pre-
defined context-free grammar to represent individuals, and applies genetic programming to these
trees. Thus, it can be categorized as tree based GGGP, and like other grammar guided methods,
it is able to guarantee that the produced individuals are always syntactically correct with respect
to the given grammar.

Compared with linear GGGP approaches, the data type used by DTGP is larger, although
usually not asymptotically, but still more complex. However, in this thesis it was presented how
the evolutionary operators can be defined correctly and efficiently such that the results are not
only correct derivation trees, but the time complexity remains logarithmic most of the time.

One of the challenges in defining the operators was the random node selection. Defining a linear
time selection is straightforward, but in this thesis a logarithmic time algorithm was presented that
makes use of additional parameters stored at the nodes. The other challenge was to improve the
success rate of the crossover operator. Due to the requirement that subtrees to be swapped must
have the same label in their root nodes, either the success rate decreases or the time complexity
increases. Therefore, in this thesis the classical crossover operator was replaced by a newly defined
operator called pool crossover. Pool crossover has the same effect as classical GP crossover, but it
has a logarithmic time complexity and in most cases practically 100% success rate.

How to use parameters to improve the algorithm was also shown. One important usage is for
the random node selection mentioned above. Furthermore, as presented in this thesis, bottom-up
parameters can be used to store information related to fitness calculation. In some cases the
phenotype, or even the fitness value, can be calculated as a parameter, making the evaluation a
constant time operator with additional logarithmic time work for parameter updates.

The values of bottom-up parameters can also be defined in advance, so that they represent
semantic constraints. By using distribution sets and distribution functions, as defined in this thesis,
these values can be passed to the subtrees in a top-down fashion during random tree generation.
This process is called semantically constrained derivation. Introducing semantic constraints is
a significant improvement over standard GGGP approaches, because previously these kinds of
constraints were only incorporated in the fitness function. That is, individuals not fulfilling the
semantic criteria were created, but later filtered out with the help of the fitness function.

In this thesis DTGP was analyzed in detail using a Boolean regression problem. Furthermore,
the method was tested with the 6-Multiplexer problem, and it was presented how DTGP can be
applied to the traveling salesman problem. A real-world practical application optimizing finite
input response filters using an extended version of DTGP was also outlined.
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The findings of this thesis can be summarized as follows:

Thesis I. Derivation tree based genetic programming, as defined in this thesis, is a specialized
evolutionary algorithm that can be used to optimize various problems using a black-box
principle, while still guaranteeing the syntactical correctness of the generated candidates.

a. With the properly defined random tree generator, DTGP generates valid derivation
trees while maintaining the required size limitations.

b. Before applying an operator, DTGP can select a random node in the derivation tree in
logarithmic time, while ensuring that the selection probability is the same for each node.
Furthermore, the set of selectable nodes can be limited and, if required, a non-uniform
selection weight can also be applied.

c. The poorly performing standard crossover can be replaced by the pool crossover, which
has the same time complexity, but usually runs with practically a 100% success rate.

Thesis II. By making use of the extensive data structure of the derivation trees, and applying
properly defined parameters, the behavior of DTGP can be adjusted and the algorithm can
be improved.

a. By storing the appropriate information in the nodes, in certain cases, the fitness evalua-
tion can be done in constant time. This needs additional work to update the parameters
after the operators are applied, but that does not increase their overall time complexity.

b. Using parameters, the random node selection and therefore the evolutionary operators
can be biased, and the fitness evaluation can also be influenced.

c. With the help of distribution sets, distribution functions and forced synthesized at-
tributes, DTGP can enforce semantic constraints.

Thesis III. DTGP can be applied to various problems, especially when the solutions have a
structure that can be directly represented by a context-free grammar.

There are several areas that were out of the scope of this thesis and there are further possible
ways to improve the algorithm. An interesting area would be to experiment with various param-
eters and use them for biasing the random node selection, the operators or the fitness evaluation.

This thesis did not examine the aspects of implementing DTGP. The algorithms needed for
DTGP are described in this thesis, but of course there are other ways to implement the same
functionality. There are ways to reduce the storage requirements as well. For example, it is
possible to store identical subtrees only once. Furthermore, offsprings created from the same
parents tend to have large portions that are identical. Thus, it might be interesting to examine
the possibility to store the original trees once and then only the changes.

An advantage of population based optimization methods, like evolutionary algorithms, is the
possibility of easy parallelization. Using current trends of multi-core processors and general pur-
pose computing on graphics processing units (GPGPU) it is possible to speed up the algorithm,
although implementing a parallel version of certain components, like pool crossover, is not a trivial
task.

Since the concept of derivation trees is defined not only for context-free grammars, DTGP
might be adapted to other systems as well, for example to context-free hyperedge replacement
grammars.



Conclusions in Hungarian

A dolgozatban egy 1j nyelvtan vezérelt genetikus programozdsi (GGGP) eljérés, a derivdcids fa
alapi genetikus programozds (DTGP) keriilt definidldsra és kiértékelésre. Ez a mddszer egy eldre
megadott kornyezetfiiggetlen nyelvtan feletti derivaciés fakat hasznalja az egyedek reprezentd-
ldsara, és ezekre a fakra alkalmaz genetikus programozast. Ennélfogva a derivdcids fa alapi
GGGP-k kategoriajaba sorolhatd, és més nyelvtan vezérelt eljardsokhoz hasonléan garantdlni
tudja, hogy az eléallitott egyedek az adott nyelvtan szempontjabdl mindig szintaktikailag helyesek.

A linedris GGGP megkozelitésekkel Gsszehasonlitva a DTGP adattipusa nagyobb, bér legtobb-
szor nem aszimptotikusan, de mindenképp Gsszetettebb. Ez a dolgozat bemutatta, hogyan lehet
az evolucids operatorokat helyesen és hatékonyan definidlni ugy, hogy ne csak a derivaciés fak
legyenek helyesek, hanem az idébonyolultsdg is logaritmikus maradjon az esetek tobbségében.

Az egyik kihivds az operatorok definidlasénal a wvéletlen csicskivdlasztds. Egy linedris ideji
kivalasztas egyszertien definialhaté, de ebben a dolgozatban egy olyan logaritmikus ideji algo-
ritmust mutattunk be, amely a csticsokban térolt paramétereket hasznositja. A masik kihivas a
keresztezés operdtor hatékonysagéanak novelése. Mivel a megcserélend6 részfék gyokereinek azonos
cimkével kell rendelkezniiik, ezért vagy a hatékonysag foka csokken, vagy a futdsi id6é né. A dolgo-
zatban a klasszikus keresztezés operatort ezért egy ijonnan definidlt operator, a készlet keresztezés
helyettesiti. Ennek az operatornak ugyanaz az eredménye, mint a klasszikus GP keresztezés
operdtornak, logaritmikus idejii, és legtobb esetben gyakorlatilag 100%-o0s hatékonysdgu.

Azt is bemutattuk, hogyan lehet paramétereket alkalmazni az algoritmus tovabbfejlesztésére.
Ennek egy fontos alkalmazasa a fent emlitett véletlen csicskivalasztdas. A lentrol-felfelé paramé-
terek arra is alkalmasak, hogy a fitness szamitashoz hasznalhaté informaciét taroljunk el. Némely
esetben a fenotipus, vagy akar a fitness érték is kiszamithatd paraméterként, és igy a kiértékelés
idGigénye konstans, egy tovabbi, logaritmikus idejii miivelettel a paraméterek frissitésére.

A lentrél-felfelé paraméterek értékeit elore is megadhatjuk, mint szemantikai korldatokat. A
disztribuciés halmazok és disztribucios fliggvények hasznalataval ezeket az értékeket fentrol lefelé
haladva lehet tovabbadni a részfaknak a véletlen fa generaldsa soran. Ezt az eljarast szemantikailag
korldtozott derivdacionak nevezziik. A szemantikai korldtok alkalmazdsa egy jelentds el6relépés a
kordbbi GGGP eljardasokhoz képest, mert eddig ilyen korlitozasokat csak a fitness fiiggvénybe
lehetett beépiteni. Ebben az esetben olyan egyedek is létrejottek, amelyek nem elégitették ki a
szemantikai korlatokat, és ezeket késobb a fitness érték alapjan kellett kisziirni.

Ebben a dolgozatban a DTGP moddszer egy logikai regresszids probléméan kertilt részletes be-
mutatasra. Ezen kiviil a DTGP-t teszteltiik a 6-Multiplexer probléman, valamint bemutattuk,
hogyan lehet alkalmazni az utazéiigynok probléméra. A médszer FIR (finite input response) fil-
terek optimalizaldsara val6 gyakorlati alkalmazasat szintén Osszefoglaltuk.
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A dolgozat megéllapitasainak Osszefoglalasa:

I. Tézis A derivaciés fa alapi genetikus programozéds, ahogy ebben a dolgozatban definidltuk,
egy specializalt evolicids algoritmus, ami kiilonb6z6 optimalizalasi problémak megoldaséara
alkalmazhaté a fekete doboz elv alkalmazédsaval, mikézben az elallitott egyedek szintaktikai
helyessége is garantalt.

a. A jol definidlt véletlen fa generatorral a DTGP érvényes derivaciés fékat allit elo
mikozben a sziikséges méretkorlatozast is betartja.

b. Az operatorok alkalmazésa el6tt a DTGP logaritmikus id6éigénnyel ki tud valasztani egy
véletlen csticsot a derivacios faban, mikozben biztositja, hogy a kivalasztds valdszini-
sége minden csucsra ugyanaz. Tovabba a kivélaszthaté csicsok halmaza korlatozhato,
és sziikség esetén nem uniform szelekcids suly is alkalmazhaté.

c. A gyengén teljesité standard keresztezés helyettesithetd a készlet keresztezéssel, ami
ugyanolyan id8igényti, de legtobbszor 100%-os hatékonysdggal miikodik.

II. Tézis A derivacids fak kib&vitett adattipusanak koszonhetéen, megfeleléen definialt paramé-
tereket alkalmazva, a DTGP viselkedése alakithato, és az algoritmus tovabbfejleszthetd.

a. Megfelel6 informacié csticsokban torténd eltarolasaval bizonyos esetekben a fitness fiigg-
vény konstans idében kiértékelhets. A paraméterek frissitése tovabbi szamitast igényel
az operatorok alkalmazdasa utan, de ez nem noéveli a teljes idébonyolultsédgot.

b. Paraméterek hasznalataval a véletlen csucskivalasztas, és ezaltal az evoliciés opera-
torok, valamint a fitness kiértékelés is befolyasolhato.

c. Megkotott szintetizalt attributumok segitségével szemantikus korlatok helyezheték az
algoritmusba.

III. Tézis A DTGP alkalmazhato kiilonféle problémakra, kiilonosen akkor, ha a megoldasoknak
olyan strukturijuk van, amely egy kornyezetfiiggetlen nyelvtannal leirhato.

A modszer néhany aspektusa, illetve az algoritmus tobb lehetséges tovabbfejlesztési iranya
tulmutat a dolgozat keretein. Egy érdekes téma a kiilonféle paraméterek vizsgalata, illetve ezek
alkalmazésa a véletlen csuicskivalasztas, az operatorok, vagy a fitness kiértékelés befolyasolasara.

A dolgozat nem vizsgalta a DTGP implementalasanak részleteit. A DTGP megvaldsitasahoz
sziikséges algoritmusokat bemutattuk, de természetesen a funkcionalitds mas mddon is imple-
mentalhaté. A tarigény csokkentésére is van lehetdség, példdul az azonos részfakat lehetne csak
egy példanyban térolni. Ezen kiviil, az azonos sziiloktol leszarmazott egyedek sokszor jelent&s
részben megegyeznek. Ezért érdekes lenne megvizsgdlni azt a lehetGséget, hogy csak az eredeti
fakat taroljuk el egészben, utdna pedig csak a valtoztatasokat.

A populécié alapi optimalizalasi eljardsok, igy az evolucids algoritmusok egyik elénye, hogy
konnyen parhuzamosithatok. Napjaink trendjeit kovetve a tobbmagos processzorok és a GPGPU
lehet6ségeit kihasznalva az algoritmus felgyorsithaté, bar néhany komponens, mint példaul a
készlet keresztezés parhuzamositott valtozatanak megvaldsitasa nem trivialis feladat.

Mivel a derivaciés fak koncepcidja nem csak a kornyezetfiiggetlen nyelvtanokra létezik, a DTGP
mas rendszerekre is attehetd, példaul a kornyezetfiiggetlen hiperél-atiré nyelvtanokra.



Notations

A.1 Derivation trees

ATy, Ts,...,T,] a derivation with a root node having label A, and children T}, T5,...,T,
N[Ty,Ts,...,T,,] a derivation with root node N, and children Ty, 75, ..., T,

T[A] a derivation tree rooted with label A

N.p parameter p of node N

T.p property p of tree T', or parameter p at the root node of T'
T(X) the set of all derivation trees rooted with label x € X
T(G) the set of all derivation trees over grammar G

N.parent  reference to the parent of node N
N.children indexed reference to the children of node N
N.label the label of node N

N.size size of the subtree rooted at IV, that is the sum of all nodes in the subtree
N.nw node selection weight used for random node selection
N.sw subtree weight, that is the sum of the node selection weigths for each node

A.2 Miscallenous

Dom(f) the domain of function f. Outside of this set f is not defined.
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