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Abstract. It is well-known that the crossover operator plays an important role in
Genetic Programming (GP). In Standard Crossover (SC), semantics are not used
to guide the selection of the crossover points, which are generated randomly.
This lack of semantic information is the main cause of destructive effects from
SC (e.g., children having lower fitness than their parents). Recently, we proposed
a new semantic based crossover known GP called Semantic Aware Crossover
(SAC) [25]. We show that SAC outperforms SC in solving a class of real-value
symbolic regression problems. We clarify the effect of SAC on GP search in
increasing the semantic diversity of the population, thus helping to reduce the
destructive effects of crossover in GP.
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1 Introduction

Genetic Programming (GP) is an evolutionary algorithm, inspired by biological evo-
lution, which finds solutions in the form of computer programs for a user-defined
task [16]. The program is usually represented in the language of a syntactic formalism
such as S-expression trees [16], a linear sequence of instructions, grammar derivation
trees, or graphs [23]. The genetic operators in GP are usually designed to guarantee
the syntactic closure property, i.e., to produce syntactically valid children from syn-
tactically valid parent(s). In this process, GP evolutionary search is conducted on the
syntactic space of programs, with the only semantic guidance coming from the fitnesses
of programs. Although GP has shown its effectiveness in evolving programs for solv-
ing different problems, this practice is somewhat unusual from the perspective of real
programmers. Computer programs are constrained not only by syntax, but also by se-
mantics. In normal practice, any attempt to change to a program should pay heavy
attention to the change in semantics. To see how this would play out in GP, we have re-
cently proposed a semantic-based crossover operator called Semantic Aware Crossover
(SAC) [25]. Our previous results showed that using semantic guidance for the crossover
operator in GP improves performance, measured in terms of successful runs in solving
a particular problem (in our work, we used real-valued symbolic regression problems).
In this paper we extend our previous work by performing a deeper analysis of how SAC
affects GP search and reduces the destructive effects of crossover.

The paper is organised as follows. In the following section, we describe previous
work on semantic based operators. In Section 3, we briefly describe our approach (i.e.,
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Semantic Aware Crossover). Section 4 provides details on the experimental setup used
to conduct our analysis. The results presented in this paper are discussed in Section 5.
Finally, conclusions are drawn in Section 6.

2 Previous Work

Using semantic information in GP is not new – there have been a number of related stud-
ies in recent years. The use of semantic information in GP can be grouped into three cate-
gories, on the basis of their use of: grammars [26,3,4]; formal methods [10,11,12,14,13];
and GP representation [1,19,25].

Attribute grammars have been one of the most popular methods to incorporate se-
mantic information into GP. By using an attribute grammar, and adding attributes to
individuals, we can check useful semantic information about individuals during the
evolutionary process. This information can be used to remove bad (i.e., less fit) individ-
uals [4] or to prevent generation of invalid individuals [26,3]. However, the attributes
are problem dependent, and it may be difficult to design attributes for some problems.

Recently, Johnson has advocated formal methods as a means to incorporate semantic
information in the evolutionary process [10,11,12]. In [11], Johnson proposed a number
of possible ways to incorporate semantics of programs. In these methods, the semantic
information that is extracted by using formal methods, mostly based on Abstract Inter-
pretation and Model Checking, is used as a way of measuring the fitness of individuals
for some problems where sampling techniques are difficult to use. Katz and co-workers
used model checking to solve a Mutual Exclusion problem [14,13]. In these works, se-
mantics are extracted/calculated and then incorporated into the fitness of an individual.

With expression trees, semantic information has been incorporated mainly by modi-
fying the crossover operator. Early work focused on the syntax and structure of individ-
uals. In [9], the authors modified crossover to take into account the depth of trees. Other
work modified crossover to take into account the shape of the individual [24]. More re-
cently, context has been used as extra information for determining GP crossover points
[6,17]. However these methods all have to pay the huge time cost of evaluating the
context of all subtrees of all individuals.

In [1], the authors investigated the effects of directly using semantic information
to guide GP crossover on Boolean domains. The main idea proposed in [1] was to
check the semantic equivalence between offspring and parents by transforming the trees
to Reduced Ordered Binary Decision Diagrams (ROBDDs). Two trees have the same
semantic information if and only if they reduce to the same ROBDD. The semantic
equivalence checking is then used to determine which of the individuals participating
in crossover will be copied to the next generation. If the offspring are semantically
equivalent to their parents, then the parents are copied into the new population. By doing
this, the authors argue, there is an increase in the semantic diversity of the evolving
population and a consequent improvement in the GP performance.

In our previous work [25], we proposed a new crossover operator (SAC), based on
the semantic equivalence checking of subtrees. Our approach was tested on a fam-
ily of real-value symbolic regression problems (e.g., polynomial functions). Our em-
pirical results showed that SAC improves GP performance. SAC differs from [1] in
two ways. Firstly, the test domain is real-valued rather than Boolean. For real-value
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domains, checking semantic equivalence by reduction to common ROBDDs is not pos-
sible. Secondly, the crossover operator is guided not by the semantics of the whole
program tree, but by that of subtrees. This is inspired by recent work presented in [19]
for calculating subtree semantics.

3 Semantic Aware Crossover

The aim of our previous work [25] was to extend the ideas in [1,19] to real-value do-
mains. For real domains it is not feasible to compute the semantics by reduction to
canonical form, as it was for the Boolean domain in [1]. Complete enumeration and
comparison of subtree fitness as in [19] is also impossible on real domains. In fact,
the problem of determining semantic equivalence between two real-value expressions
is known to be complete NP-hard [5]. Therefore, we have to calculate the approximate
semantics. In [25], a simple method for measuring and comparing the semantics of
two expressions is used. To determine the semantic equivalence of two expressions, we
measure them against a random set of points sampled from the domain. If the output of
the two trees on the random sample set are close enough (subject to a parameter called
Semantic Sentivity) then they are semantically equivalent, or in pseudo-code:

If Abs(Value On Random Set(P1)-Value On Random Set(P2))<ε then
Return P1 is semantically equivalent to P2.

where Abs is the absolute function and ε is a predefined threshold for semantic sensi-
tivity. This method is inspired by the simple technique for simplifying expression trees
proposed in [21] known as Equivalence Decision Simplification (EDS), where com-
plicated subtrees are replaced by simpler subtrees if they are semantically equivalent.
The semantic equivalence of two subtrees can be used to control the crossover opera-
tion by constraining it so that if the corresponding subtrees beneath the crossover point
are semantically equivalent, the selection is repeated with two new crossover points.
Algorithm 1 shows how SAC works. The motivation behind SAC is to promote GP

Algorithm 1. Semantic Aware Crossover

select Parent 1 P1;
select Parent 2 P2;
choose at random crossover points at Subtree1 in P1;
choose at random crossover points at Subtree2 in P2;
if Subtree1 is not equivalent with Subtree2 then

execute crossover;
add the children to the new population;
return true;

else
choose at random crossover points at Subtree1 in P1;
choose at random crossover points at Subtree2 in P2;
execute crossover;
return true;
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to swap subtrees that have different semantics. In [25], SAC had the best performance
(compared with SC and other semantic checking operators) on a family of real-value
regression problems. The reasons for these good results were not clearly understood.
The following sections will aid in understanding how this mechanism affects GP search.

4 Experimental Setup

We used four real-valued symbolic regression problems, of increasing difficulty, to anal-
yse SAC. The underlying functions, from [8], are shown in Table 1, and evolutionary
parameters in Table 2.

Table 1. Symbolic Regression Functions

F1 = X3 + X2 + X F3 = X5 + X4 + X3 + X2 + X
F2 = X4 + X3 + X2 + X F4 = X6 + X5 + X4 + X3 + X2 + X

Table 2. Run and Evolutionary Parameter Values

Parameter Value Parameter Value
Generations 50 Population size 500
Selection Tournament Tournament size 3
Crossover probability 0.9 Mutation probability 0.1
Initial Max depth 6 Max depth 15
Non-terminals +, -, *, /, sin, cos, exp, log (protected versions)
Terminals X, 1
Number of samples 20 random points from [−1 . . .1]
Successful run sum of absolute error on all fitness cases < 0.1
Termination max generations exceeded
Sensitivities 0.01,0.02,0.04,0.05,0.06,0.08,0.1
Trials per treatment 100 independent runs for each value.

5 Results and Discussion

5.1 Equivalent Crossovers

Because our crossover operator works by analysing semantics of subtrees, we would
like to know how frequently SAC and SC swap equivalent subtrees. We collected statis-
tics of the percentage of such crossover events. Figure 1 shows the percentage of se-
mantically equivalent crossover events with sensitivity = 0.01, averaged over 100 runs,
for each of the four functions, while Table 3 shows the same further averaged over all
generations. We can see that the overall average for SC is around 14.5% whereas for
SAC it is around 8 times smaller at about 1.8%. It is clear that SAC is more semantically
exploratory than SC on these problems. We also conducted an experiment to test how
crossover affects the relative fitness of the offspring compared to their parent when it
swaps two semantically equivalent subtrees. The results indicate that in nearly all cases
(about 98%), such crossover will result in an unchanged fitness.
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Table 3. Average Percentage of Equivalent Crossovers.

Sensitivity 0.01 0.02 0.04 0.05 0.06 0.08 0.1

F1
SC 14.9% 14.9% 14.9% 14.9% 15.1% 15.1% 15.1%

SAC 1.9% 1.9% 1.9% 1.9% 1.9% 2.0% 2.0%

F2
SC 14.1% 14.1% 14.1% 14.1% 14.1% 14.2% 14.2%

SAC 1.7% 1.7% 1.7% 1.8% 1.9% 1.9% 1.8%

F3
SC 14.4% 14.4% 14.4% 14.4% 14.5% 14.5% 14.5%

SAC 1.8% 1.8% 1.8% 1.8% 1.9% 1.9% 1.9%

F4
SC 14.1% 14.1% 14.1% 14.1% 14.3% 14.3% 14.3%

SAC 1.7% 1.7% 1.8% 1.8% 1.8% 1.8% 1.8%
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Fig. 1. Average Percentage of Equivalent Crossovers with sensitivity = 0.01

5.2 Semantic Diversity

In the previous section, we saw that SAC promotes swapping of semantically different
subtrees, encouraging a change in semantics relative to their parents. How well does
SAC promote diversity. Population diversity has been long seen as a crucial factor in
GP [2]. The search process will be more effective if more diversity in the population is
maintained. Two kinds of metrics have been used to measure and control the diversity
of a population: genotypic and phenotypic [7]. The former is based on the syntax (i.e.,
structure) of an individual [22] and the latter on the behavior (i.e., fitness) of an individ-
ual [20]. In this paper, we propose a new measure to measure semantic diversity called
Semantic Crossover Diversity (SCD). SCD works by measuring the difference between
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Table 4. Percentage of Children with Different Fitness from their Parents

Sensitivity 0.01 0.02 0.04 0.05 0.06 0.08 0.1

F1
SC 65.8% 65.8% 65.8% 65.8% 65.8% 65.8% 65.8%

SAC 73.4% 73.0% 72.5% 72.1% 72.4% 72.3% 73.1%

F2
SC 70.5% 70.5% 70.5% 70.5% 70.5% 70.5% 70.5%

SAC 79.0% 79.0% 78.5% 78.3% 78.8% 78.4% 79.1%

F3
SC 70.6% 70.6% 70.6% 70.6% 70.6% 70.6% 70.6%

SAC 80.6% 81.2% 81.6% 82.0% 82.0% 81.7% 82.2%

F4
SC 71.0% 71.0% 71.0% 71.0% 71.0% 71.0% 71.0%

SAC 80.2% 80.0% 80.0% 79.8% 80.0% 80.1% 79.7%
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Fig. 2. The percentage of generating newly children with sensitivity = 0.05

individuals before and after applying crossover. We used SCD to measure the semantic
diversity of SC and SAC by counting the percentage of these crossover events that gen-
erated semantically different offspring from their parents. These results are shown in
Table 4 and figure 2. We can see that at the beginning of the run, SC generates around
80% of different offspring, while SAC generates about 90%. This is important: the early
phase of evolution, is the primary exploration stage, when it is necessary to create se-
mantically new individuals. After a few generations, the percentage decreases in both
cases. However SAC still consistently produces about 10% more difference than SC.
We note that SAC doest not guarantee to generating semantically new offspring. We
believe that there are some fixed semantic subtrees as in the Boolean domain [19].
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Table 5. The average percentage of better children than their parent in crossover

Sensitivity 0.01 0.02 0.04 0.05 0.06 0.08 0.1

F1
SC 11.8% 11.8% 11.8% 11.8% 11.8% 11.8% 11.8%

SAC 15.2% 15.0% 14.7% 15.4% 15.3% 15.5% 15.7%

F2
SC 13.0% 13.0% 13.0% 13.0% 13.0% 13.0% 13.0%

SAC 17.2% 16.7% 16.9% 17.3% 17.4% 17.3% 17.4%

F3
SC 12.9% 12.9% 12.9% 12.9% 12.9% 12.9% 12.9%

SAC 16.9% 16.8% 17.0% 17.1% 17.0% 17.2% 17.0%

F4
SC 12.8% 11.4% 11.4% 11.4% 11.4% 11.4% 11.4%

SAC 16.8% 16.8% 16.7% 17.0% 17.1% 17.0% 17.0%
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Fig. 3. The percentage of constructive crossover with sensitivity= 0.04

5.3 Constructive Effect

If SAC is more semantically productive than SC, then it is interesting to ask whether
this helps the crossover operators to breed better children than their parents (more con-
structive crossover). To answer this, we measured the constructive effect of SAC and
SC, using a method similar to that in [18]. The constructive effect is measured by cal-
culating the percentage of events that generate a better child from its parents through
crossover. The results are shown in Table 5, figure 3 showing the change over the course
of evolution with sensitivity 0.04. We can see that SAC is more fitness constructive,
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Table 6. The average size of individuals

Sensitivity 0.01 0.02 0.04 0.05 0.06 0.08 0.1

F1
SC 44.2 44.2 44.2 44.2 44.2 44.2 44.2

SAC 46.8 46.2 46.7 46.5 46.7 46.9 46.9

F2
SC 46.1 46.1 46.1 46.1 46.1 46.1 46.1

SAC 50.0 49.3 49.1 49.8 49.9 49.9 46.7

F3
SC 44.8 44.8 44.8 44.8 44.8 44.8 44.8

SAC 49.9 48.7 48.3 48.2 48.3 48.4 48.7

F4
SC 48.0 48.0 48.0 48.0 48.0 48.0 48.0

SAC 52.2 51.9 52.4 51.6 51.5 52.0 51.8

Table 7. The average size of subtrees in SAC

Sensitivity 0.01 0.02 0.04 0.05 0.06 0.08 0.1
F1 4.6 4.3 4.4 4.6 4.8 4.6 4.9
F2 4.7 4.5 4.6 4.9 5.0 4.7 4.8
F3 4.7 4.5 4.4 4.6 5.1 4.7 4.9
F4 4.7 4.5 4.7 4.6 5.0 4.6 5.0

often 5% better, than SC. This strongly suggests why the performance of SAC was
better than SC in terms of number of successful runs.

5.4 Code Bloat

The better performance of SAC comes at a cost: it takes time to calculate the subtree
semantics. This is reflected in the slightly higher running time of SAC, as compared
with SC. How much more expensive are these extra calculations? And is this the sole
cause of the extra computational cost, or might code bloat play a role? To determine
which is the main source we collected two statistics from the runs. The first is the
average size of individuals (number of nodes) over 50 generations, averaged over 100
runs, for SAC versus SC. The second is the average size of subtrees which are semantic
equivalence tested in SAC, averaged in the same way. The two statistics are shown
in Table 6, and Table 7 respectively.

It is clear that the higher running time of SAC resulted from both causes: the in-
dividuals were larger. However it also seems that the overheads are acceptable. From
Table 7, we see that the average size of subtrees in SAC is very small in comparison
with the average size of individuals. Therefore, the time needed to calculate and com-
pare subtree fitnes is small (in fact, we could reduce this further by using caching to
improve the efficiency of subtree semantic calculation as in [15]). The average individ-
ual size in SAC was bigger than that of SC but not by a large margin. Nevertheless, we
are interested to incorporate the size of subtrees into the selection of crossover points in
future work, potentially avoiding this issue.
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6 Conclusions

In this paper we have compared Semantic Aware Crossover (SAC) and Standard
Crossover (SC) from a number of perspectives. We have shown that about 15% of SC
operations exchange semantically equivalent subtrees. As a consequence SC tends to
create offspring that are semantically similar to their parents. This weakness can be
amended by preventing the swapping of equivalent subtrees. Our approach, Semantic
Aware Crossover (SAC), adopts this idea. Secondly, we have shown that SAC helps
to promote semantic diversity, so it generates more offspring that are semantically dif-
ferent from their parents. The results also show that SAC is more constructive than
SC. Furthermore, we have seen that the additional computation cost of SAC is almost
negligible.
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