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Abstract

In some Evolutionary Computations such as Genetic Algorithms or Evolution Strategies, it is
well known that the choice of genetic operator rates is important to the success of these algorithms.
Researchers mainly focused on choosing genetic operator rates appropriate to specific problems.
Several papers work on adapting crossover and mutation rate in evolutionary algorithms showing
potential results that adaptive algorithms may out-perform non-adaptive ones. In this paper, we
examine the application of adaptive operator selection rates to genetic programming and propose a
new algorithm for self-adapting crossover and mutation rates in the specific genetic programming -
Tree Adjoining Grammar Guided Genetic Programming (TAG3P). Experimental results showed that
our proposed algorithm improved the performance of TAG3P than previous works.

Trong lĩnh vực các giải thuật tính toán tiến hoá, chẳng hạn như giải thuật di truyền (Genetic
Algorithms) hay các chiến lược tiến hoá (Evolution Strategies), rõ ràng là việc lựa chọn tỉ lệ cho các
toán tử di truyền có vai trò rất quan trọng đối với sự thành công của các giải thuật này. Tuy nhiên
trước đây các nhà nghiên cứu chủ yếu tập trung vào việc lựa chọn xác suất cho toán tử di truyền
tuỳ thuộc vào từng bài toán cụ thể. Một vài bài báo nghiên cứu về vấn đề tự động thích nghi các
tham số cho toán tử lai ghép (crossover) và đột biến (mutation) trong giải thuật tiến hoá cho các kết
quả khá triển vọng và thực hiện tốt hơn các giải thuật thông thường. Trong bài báo này, chúng tôi
nghiên cứu việc áp dụng phương pháp lựa chọn toán tử di truyền một cách thích nghi lên một hệ
lập trình gen (genetic programming) cụ thể - Lập trình gen định hướng bởi văn phạm nối cây (Tree
adjoining Grammar Guided Genetic Programming – TAG3P). Các kết quả thí nghiệm bằng phương
pháp của chúng tôi đã cải thiện hiệu năng của TAG3P so với các hệ TAG3P trước đó.

Index terms

Genetic Programming, Self-adaptive genetic operators, Tree-adjoining grammar guided genetic
programming, Evolutionary Algorithms.

1. Introduction

EVOLUTIONARY Computations (ECs)[35] have many genetic operators used to guide the
search process towards desirable solutions in the search space. In Genetic Programming

(GP) [5] as well as other fields of Evolutionary Computations such as Genetic Algorithms
(GA) [36] and Evolution Strategies (ES), the search process is done with evolutionary oper-
ators, mainly crossover and mutation. Each operator has its own parameter value showing its
probability of whether being selected for doing evolutionary process or not. Since John Koza,
one of the pioneers of Genetic Programming, in his work [5] used a low proportion of mutation
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operator and suggested a maximum level of 10%, people often tend to set mutation rate much
lower than crossover rate when implementing GP in many years. To explain this partial choice,
Koza argued that mutation is in fact not significantly contributed to GP performance, partly
because of the position-independence of GP subtrees, and partly because of the large number
of chromosome positions in typical GP populations.

The crossover and mutation argument has been attractive to many computer scientists to
the study of the relationship between them. Many researches effort to investigate the influence
of crossover, mutation and other genetic operators on general solutions being generated by
evolutionary systems. Shaffer et al. in [37], Hinterding in [38] showed that mutation can be
more useful than previous belief. Luke and Spector [1] experimentally proved that mutation
operator performs as the same as crossover operator by setting various combinations of both
operators and testing them on a wide range of problems. Although the overall performance
of both operators may be quite similar, they behave differently and each has its own property.
Crossover is considered a construction operator, building new structures from lower level
building blocks; this means that the operator only can use what material is already contained
in the population. While mutation has a stronger role in disruption and exploration because it
can generate code using any functions including those that may have been previously selected
against. It is necessary to use both operators together;Luke and Spector [6] reported the slight
trend towards better results when crossover values were in the range 60-70%. Popularly, GP
researchers choose small mutation rate while setting experimental parameters.

However, recently, it is recognized that static parameter setting is specific-problem de-
pendent, so the approach to genetic parameter setting is moved toward adaptive parameter
setting. Because adaptation of parameter resulted in several success in other areas like Evo-
lution Strategies [10], [11] and Genetic Algorithms [9], [28], [29], [30], there has existed
a few efforts with GP [31], [32], [8], [4] and bring a potential way of research into self-
adaptation parameters in GP and other extensions. Tree-Adjoining Grammar Guided Genetic
Programming (TAG3P) is a GP framework proposed by Hoai [24] with many advantages
over standard GP in some problem domains. However, there is only one effort studying self-
adaptation issue in TAG3P [17] up to now. The aim of this work is to survey some adaptive
mechanisms in genetic parameter setting for GP and propose a new algorithm for self-adaptive
genetic parameters applying to TAG3P.

The remainder of this paper is organized as follows: in section 2 we briefly discuss pervious
works on self-adaptive mutation and crossover operators and the basis of Tree adjoining
grammar guided genetic programming. In section 3, we will propose our methodology of
self-adaptive crossover and mutation rate for TAG3P. We explain our experimental setups and
parameter settings in section 4. Experimental results are presented and discussed in section
5; and finally section 6 addresses conclusions and future research expectations on the topic.

2. Background

In this section, we shall give a brief review of previous works on the subject of self-
adaptation in Evolutionary Computation in general and Genetic Programming in particular
as well as the general knowledge of a GP framework called Tree adjoining grammar guided
genetic programming, denoted by TAG3P.
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2.1. Different approaches of Adaptation

Angeline [1] introduced adaptive parameters into Evolutionary Computations (ECs) and
defined the adaptation level concept to separate the Adaptive ECs based on the level at
which adaptation occurs. Three levels of adaptation are determined: ‘population’, ‘individual’
and ‘component’ levels. Population level adaptation is concerned with the modification of
some aspects of the ECs, which uniformly applies to all members of the population. Typical
examples of such attributes are the probability of crossover and modifications to the fitness
function. Individual level adaptation is concerned with the modification of a number of
attributes, each of which is associated with a particular individual in the population. Finally,
content of an evolving individual that determine how each component are modified during
reproduction. Angeline’s experiments also showed that in some environments, not a single
level of adaptation but a combination of these different levels might actually provide significant
advantages.

In EC, self-adaptation has been showed to be successful in several problem domains. Kramer
[12] conducted some experiments and showed that most theoretical works on self-adaptation
concentrates on mutation and proposed the prospect that self-adaptation might be the key
property towards a parameter-free evolutionary optimization algorithm. Barbosa et al. [33]
applied adaptive operator probabilities strategy to steady-state Genetic Algorithms indicated
that the use of adaptive procedure improves the robustness of solutions found.

In GP and many extensions, there also have some considerable researches on adaptation
subject. Angeline [34] proposed the two self-adaptive crossover method for GP. First, it adapts
values that determine where crossover will occur. Second, it adapts both where and how many
crossovers are performed to a tree. His experimental results showed that both of these self-
adaptive operators performed better than standard GP crossover and thus proved that certain
heuristics commonly used in GP may not be optimal. Fagan et al. [15] proposed a method of
adaptive mutation applying to Grammatical Evolution (GE) called Fitness Reactive Mutation
(FRM). This method is an adaptation of the mutation rate parameter at the population-level
that depends on the feedback from the fitness of the population. Fagan’s showed that the
use of FRM provided several advantages in terms of fitness and solutions found. In addition,
FRM might prevent convergence to local optima in some cases.

Self-adaptive GP has been applied to some real-world problem domains to prove its use-
fulness. Zheng Yn et al. [14] used the idea of adaptive GP where probability of crossover
and mutation is adapted dynamically during the GP run on the problem of option pricing.
The results illustrated that the new method yielded better results than standard GP with fixed
crossover and mutation rates. In solving classification problems, adaptive GP partly proved
its advantages. AI-Madi and Ludwig [20] applied adaptive GP to classification tasks and
experimented on the several datasets such as Wisconsin Diagnostic Breast Cancer (WDBC),
Diabetes, Heart and Hepatitis, etc., Their results showed that parameter-adapted GP performed
the classification task faster than standard GP while preserving the classification accuracy.
Moreover, to cope with more difficult classification tasks in dynamic environments, adaptive
GP also has had some potential perspectives. M. Riekert [21] proposed a new system called
Adaptive Genetic Programming (ADP) incorporating adaptive control parameters, variable
elitism and culling. They showed that ADP is slighter better than standard GP, due to faster
recovery from changes in the environment.
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Recently, Jeannie Fitzgerald and Conor Ryan [4] proposed a scheme of self-adaptive,
individualized genetic operators for controlling and setting crossover and mutation search
parameters combined with adaptive tournament size applying to binary classification tasks.
The results demonstrated that although genetic parameters are tuned with empirical best
parameters, standard GP approach has clearly poorer performance in overall compared to
their adaptive method. They also suggested the fact that traditional parameter setting for
standard crossover and mutation are not necessarily optimal.

With many potential successes of apply self-adaptation in GP, in other aspect, Kim et al.
[17] examined the effect of some popular EA adaptive mechanisms to TAG3P, and reported
that an adaptive pursuit with reward policy 2 (AP2) technique was more successful than
other approaches in the wide range of symbolic regression problems. The major idea of this
technique is to increase the probability of the most effective operator, and correspondingly
reduce probability of the other operators.

In this work, we propose a new approach to the adaptive issue in TAG3P. Our method
is the population level based self-adaptation: mutation and crossover rates are based on the
relative fitness of the individual weighted by population progress in the search process. We
compute adaptive crossover and mutation rates at each generation based on the belief that if
one operator generates better children in terms of fitness than others in the current population,
it is likely to have a greater probability than the others probability in the next generation.

2.2. Tree Adjoining Grammar Guided Genetic Programming

Tree Adjoining Grammar Guided Genetic Programming (TAG3P) [24] is a GGGP system
with the use of Tree Adjoining Grammar (TAG) derivation trees, rather than CFG derivation
trees, as the evolutionary representation. TAGs trees have also been used as the basis for a
number of GP systems [25], [26]. In this work, we use TAG3P to implement our adaptive
genetic operators selection method when using two genetic operators: Crossover and mutation.
The brief introduction to the mechanism of these operators in TAG3P as below:

• Sub-tree Crossover: Two individuals are selected based on their fitness. A randomly
chosen point in each of the two derivation trees is chosen, subject to the constraint
that each sub-tree can be adjoined to the other parent tree. If this point can be found,
the exchange of the two sub-trees is then undertaken; otherwise the two individuals are
discarded. This process is repeated until a valid crossover point is found or a bound is
exceeded.

• Sub-tree Mutation: A point in the derivation tree is chosen at random. And then a newly
generated sub-derivation tree replaces the rooted sub-tree at that point.

In the following section, we will propose a method for adaptive crossover and mutation
rates in TAG3P.

3. Proposed Method

3.1. Motivation

The proposed method is based on the idea that, at a certain generation, the more effective
genetic operator should be allowed to have a higher probability than the less helpful operators.
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we define the success rate of a genetic operator based on the number of fitness improvements
of the individuals it operated on. By that way, we mean the operator with higher success
rate at current generation may create better individuals at the next generation. Suppose we
are considering the symbolic regression problems in GP, the smaller the fitness the better the
individual is.

3.2. Algorithm for adaptive crossover and mutation rates in TAG3P

First, let pcrossi and pmutatei be the two genetic probabilities for crossover and mutation,
respectively, at generation i; usedcrossi, succrossi and usedmutatei and sucmutatei are
number of times and the number of success for the use of crossover and mutation operator,
respectively, also at the generation i.

Second, we must define the fitness improvement concept in symbolic regression problems
using TAG3P with the smaller fitness is the better performance:

• With a unary operator like mutation: if the child produced has smaller fitness than
the parent, we define this case as the fitness improvement after mutation or one time
successful mutation.

• With crossover operator, two parents p1, p2 produce two children c1, c2. When it comes
to the situation as: if(min(fitness(p1), fitness(p2)) > min(fitness(c1), fitness(c2))
we define this case as the fitness improvement after crossover or one time successful
crossover.
Third, we define the success rate value for both operators as the following formulas:

– cratei = (succross2i + 1)/(usedcrossi + 1) is the success rate of crossover at
generation i.

– mratei = (sucmutate2i + 1)/(usedmutatei + 1) is the success rate of mutation at
generation i.

• As mentioned earlier, in our algorithm, crossover as well as mutation probability in the
next generation is in direct proportion to its success rate at current generation. For that
reason, we compute crossover and mutation probabilities at generation(i + 1) as follow:

– pcrossi+1 = pdis + cratei ∗ (1− 2pdis)/(cratei + mratei)
– pmutatei+1 = pdis + mratei ∗ (1− 2pdis)/(cratei + mratei)

With pdis = 0.01 is the distribution probability to guarantee that even though a operator
has a very small success rate it will not be zero.

The description of our algorithm for evolution cycle of TAG3P with adaptive genetic
operator as follow:

1) Create a population of individuals, where each individual is a Glex derivation tree, call
the old population

2) All individuals (Glex derivation tree) are translated into Glex derived tree so that in this
form, the fitness of each individual are computed.

3) Select individual(s) from the old population according to the Tournament Selection
mechanism

4) Apply selected genetic operator (s), in particular crossover and mutation operator, on
selected individual(s), according to the operator probability and copy the product(s) to
the new population.
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5) Repeat from step 2 to step 4 until the new population is filled up with new individuals
of Glex derivation trees.

6) The old population is removed and the new population becomes the old population.
7) Update adaptive crossover and mutation probabilities based on their success rates at

current generation.
8) Repeat from step 2 to step 7 until an acceptable solution is found or some other stopping

criteria is met (e.g., a maximum number of generations is reached)
9) Return the best-so-far individual (in terms of fitness) as the solution

4. Experiments

4.1. Test problems

To test the performance of our adaptive system, we use the benchmark symbolic regression
problems of popular family of function Fn(x) =

∑n
i=1 x

i. And for each problem, we use two
different versions, with s = 50 and s = 20 sample points in the range [-1, 1], denote by Fn

s.
To compare our adaptive TAG3P system’s performance with the best performance in TAG3P
Kim et al., reported in [17] in a fair manner, we also run and test the two problems F6

20 and
F18

50 with n = 6 and n = 18, respectively.

4.2. Experimental Setup

As in most grammar-based GP systems, the search space is defined by a grammar. The
grammars (G and Glex) used for the two testing problems are the same.

• G = {Σ, N, P,EXP}
• Where Σ = {+,−, ∗, /,X}, N = {S,OP, V AR} and the rule set P as follows.
• S → EXP OP EXP
• S → V AR
• OP → +| − | ∗ |/
• V AR→ X

Where / is the protected division (return 1.0 when the denominator is 0.0), ep is the
exponential function, and lg is the protected logarithm function (return the logarithm of the
absolute value of the input unless the input is 0.0, in this case it return 0.0).

Glex = {Σ, N, I, A,EXP} where Σ and N are the same as in G and the elementary tree
set E = A ∪ I is described in Figure 1

Parameter setting for the two symbolic regressions is presented in the Table 1.

5. Results and Discussion

We conduct experiments on the two problems over 20 runs and calculate the average of
the best fitness at each generation. We compare our results with the best-so-far results of
adaptive parameter TAG3P Kim et al. [17] reported by using the Adaptive Pursuit 2(AP2)
method. Figure 2 demonstrates the results of our adaptive TAG3P system in comparison with
AP2 TAG3P system in terms of best fitness on average of 20 runs when running on F6

20

problem. We can see that in such a simple problem, both our algorithm and AP2, and even
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Figure 1. TAG elementary trees for Glex

Table 1. Parameter settings for two symbolic regression problems

Objective Find a solution for either of two symbolic regression problems
Terminal Set X
Function set +,−, ∗, /
Initial genetic operators pcross = pmutate = 0.5
Fitness cases Ramdom samples of 20 (or 50) values in [-1,1]
Raw fitness Sum of absolute error for all fitness cases
Standardized fitness The same as raw fitness
Hits Number of absolute errors that is smaller than 0.001
General parameters POPSIZE = 500, MAXGEN=51, tournament selection with size 8
Success predicate A program hits of 20 (or 50)

standard TAG3P with pre-fixed genetic operator rates, show similar results. Our method is
slightly better performance to others. Likewise, we can see that our algorithm has a higher
convergence rate to the best individual than AP2. In figure 2, we can observe that our adaptive
system will find the best solution (in this case best fitness is 0) sooner than AP2 system.

Figure 2. Average of the best fitness on F 20
6 problem

For the harder problem F 50
18 , our system shows the visibly dominant results in terms of

best fitness as well as the convergence rate. This is showed clearly in Figure 3. In this figure,
we can easily see that the curve for average of the best fitness in our system almost merely
goes down the slope from the first to the last generation and it reaches the lowest point in the
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graph that the AP2 and standard TAG3P curves cannot reach, showing that better convergence
ability.

Figure 3. Average of best fitness on the F 50
18 problem

If our goal is to trust worthily find good solutions, our results showed that our adaptive
TAG3P system is dominant than others. It outperformed AP2, and obviously standard TAG3P,
the best-so-far method for adaptive parameters on TAG3P, on wide range of problems, from
the simpler to much harder problems.

If asked to explain the fact of better overall performance, we think that it is because we
have a appropriate strategy of choosing better genetic operators at each generation based on
its previous generation. This is the reason that at each generation, our system will produce
more and more better solutions than other TAG3P systems, including AP2-based TAG3P. As
a result, our system is likely to be converged to the best solution sooner.

In some cases, the distribution of genetic operator probabilities is as important as the
convergence ability and the best fitness of GP systems. Because we only use two genetic
operators: crossover and mutation, the increase of one operator corresponds to the decrease
of the other.

Figure 4 indicates the genetic operators probabilities distributions in F6
20 problem. In

Figure 4, we can easily observe that with the much simpler problem F6
20 , the distribution

of crossover rate has a direction of rapidly decreasing from generation 1 to 7, and slightly
varying from generation 7 to 18 before monotonously increasing to the last generation and
reach the rate of approximate 93%. We also can see that there are about 30 generations in
which crossover rate is greater or equal to 50%. All of these mean that crossover is more
helpful than mutation according to our strategy.

In contrast, in Figure 5, we see that the probability distribution of mutation occupies more
space than of crossover. It is notably that there are quite few generations in which crossover
rate is greater or equal to 50%. Despite this probability distribution, our strategy performed
better than AP2 method and standard TAGP3P with commonly practical method at setting high
crossover rate and low mutation rate (0.9 and 0.1, respectively). This means the though that
crossover is dominant over mutation on almost all problems is unreasonable. Our experiments,
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following previous hesitations, one more time, prove this popular belief is not absolutely true
for all cases.

Figure 4. Evolution of Operator Application Rates for F 20
6

Figure 5. Evolution of Operator Application Rates for F 50
18

6. Conclusions and Future Works

The results strongly suggest that our adaptive approach to TAG3P, using population level
adaptation, can lead to better solutions and increase the convergence rate of TAG3P, on a
certain family of symbolic regression. From now on, when using our adaptive approach to
TAG3P system, we do not need to worry about tuning the initial parameters for genetic
operators.

The computational cost of the approach is also worth noting (though it is not the primary
focus of this work), our system may be a bit expensive in running time because it must re-
calculate the fitness of each individual whose representation in TAG derivation form. But it
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is the trade-off and in our experiments, the difference in computation complexity in running
time between our system and standard TAG3P and AP2 TAG3P is insignificant.

In the near future, we aim to apply both individual level and component level of adaptation
to TAG3P and extend range of applications to other problems such as classification problems
in network security. In addition, we observe that DTAG3P system in [27] has numbers of
initial parameters for tuning though it has been experimental proved that the initial parameter
tuning is not effect to DTAG3P overall performance. We argue that when applying the self-
adaptive parameter methods to DTAG3P will enhance its performance significantly. In future
research, we will conduct and examine this hypothesis.
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