
Looking for novelty in SBSE problems
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Abstract. Search-based software engineering (SBSE) was conceived to
support engineers searching for innovative ideas to solve recurrent soft-
ware engineering problems along the software project lifecycle. However,
current approaches require the engineer to formulate and quantify their
search objectives, which may be challenging. As SBSE consolidates as
a discipline, problems become more demanding, and consequently the
definition of the search problem and the characteristics of the search
space remain oversimplified. Thus the evaluation of problem solutions
by means of a fitness function could be failing to address essential as-
pects that can cause disappointment for the engineer after reaching final
results. This position paper launches the idea that novelty search opens
up a new scenario, as it rewards solution novelty, a concept mapping to
problem characteristics other than fitness and whose definition might be
more intuitive to the engineer. We explore its applicability to SBSE and
discuss some preliminary findings of interest to the SBSE community.
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1 Introduction and motivation

In the field of Search-based Software Engineering (SBSE), search-based ap-
proaches have been applied to a range of activities within the software project
lifecycle [4]. The underlying idea has always been to support the engineer in
the generation of rigorous, alternative —even unexpected— solutions. A range
of search methods have been applied, all conceived to return potential solu-
tions compliant with the software engineering problem. However, they all re-
quire deep knowledge on the problem formulation, and evolutionary algorithms
have emerged where fitness measures are necessary to select superior individual
candidates for the next generation of the population. Moreover, it can be chal-
lenging to formulate a suitable fitness function. Even if this is achieved, solutions
derived in this way can look ‘artificial’ to the software engineer due to problem
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Algorithm 1 General procedure of the novelty search algorithm

Input: BC, population size, archive size, archive threshold
Output: archive
1: initialize population at random
2: evaluate each individual for novelty
3: while termination condition not reached do
4: select parents based on novelty
5: recombine pairs of parents
6: mutate new individuals
7: evaluate each offspring for novelty
8: select candidates for novelty archive
9: replace population with offspring

10: end while
11: return archive

oversimplification. This mismatch between the real problem and its formulation
increases as the industry demands more complex solutions.

SBSE should produce real but ‘unexpected’ solutions, and subsequently present
options to the software engineer for their understanding and evaluation. Since
its inception, SBSE already required mechanisms to guarantee the ‘novelty’ of
solutions compared to those produced by analytical procedures. Thus SBSE
can be thought of as an opportunity to discover innovative, ‘realistic’ solutions
in feasible time. Approaches have appeared in other problem domains wherein
fitness-based optimization is abandoned in favour of the role of diversity as found
in natural evolution instead [6]. Indeed, novelty search (NS) seems to fit the pre-
cepts of SBSE, since it (1) does not require a fitness function, (2) rewards not-
previously-found solutions, and (3) develops an archive of solutions from which
a working solution can be determined by human judgment. However, proposals
relating to the application of NS in SBSE are not abundant. In this paper, we
argue that NS could open up a new scenario, thus we explore its applicability to
SBSE and discuss some preliminary findings of interest to the SBSE community.

2 Theoretical foundations

Novelty search uses an open-ended discovery process in the search for novel
solutions, wherein novelty implies being different from any solution discovered
beforehand. The novelty of an individual is derived from its behavior, represented
as a behavior characterization (BC), i.e. a set of features based on the genotype,
the phenotype or other aspects of the problem domain [5]. The selected BC thus
defines a space of all possible behaviors of interest to be searched. The novelty
score of an individual is measured with respect to others in the evolving popu-
lation and its predecessors [6] which are stored in an archive. An example of a
novelty score is the average distance to the k -nearest neighbors of the individual.

For readers aware of classical objective fitness-based evolutionary algorithms,
the general structure of a basic NS algorithm might look familiar. Algorithm 1



Looking for novelty in SBSE problems 3

(inspired by [3]) illustrates NS. After random initialization and evaluation —
in terms of novelty — of a population of size population size (lines 1-2), NS
selects individuals based on their solution novelty (line 4). Genetic operators are
applied to parents and the newly created solutions are evaluated for their novelty
too (lines 5-7). Next, an archive stores individuals whose novelty score exceeds
archive threshold (line 8). Usually, a maximum archive size, archive size, is set
to limit the number of returned solutions. Then in line 9, the entire population
is replaced after each generation as a way to promote the search for novelty.
While NS is typically open-ended, it is possible to apply a termination criterion.
Finally, the archive is returned.

As for the application of NS (or variants) to SBSE, only a limited number
of preliminary, domain-specific proposals can be found in the literature so far,
focused on search-based testing (e.g. [2]) and Genetic Improvement (e.g. [7]).

3 An illustrative example: the Next Release Problem

This section explores how novelty search can be applied to the next release
problem (NRP), which looks for determining the software features that should
be added to the system as part of the following release [1]. The first step is to
identify and encode the optimization problem. Here, n requirements need to be
selected by considering customers’ preferences. Every requirement rj has a cost,
while each customer expresses interest in some requirements, Ri, and indicates
a weight to represent their importance. A solution x is then encoded as a binary
array of size n, where xj indicates whether rj appears in the release.

Secondly, at least one behavior characterization should be formulated, de-
pending on the problem elements becoming an indicator of solution novelty. In
the NRP, the focus could be put on the two most relevant elements for the
problem: requirements and customers. Consequently, two distinct BCs could be
defined to explore novelty: promoting the selection of pairs of requirements that
are not often combined (Eq. 1); and preferably meeting the needs of customers
with smaller weights or demanding requirements with a lower demand (Eq. 2).

BCreq(rj , rk) = {1 if xj = 1 ∧ xk = 1; 0 otherwise}. (1)

BCcust(i) = {1 if ∃ rj ∈ Ri → xj = 1; 0 otherwise} (2)

Next, we need to provide a measure to evaluate the solution novelty. For
our example, given the binary nature of the encoding structure, Hamming dis-
tance seems appropriate. Following with the procedure, we should determine
the termination criteria. Goal states (e.g. finding a particular behaviour) and/or
computational budgets (e.g. number of iterations) are valid. Thus, for the NRP,
reaching 100 iterations will terminate the execution. Note that within the loop
of NS, and similarly to other evolutionary approaches, genetic operators are re-
quired for crossover and mutation. In this case, basic operators are used (uniform
crossover and single-point mutation, respectively).
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4 Experimentation and Discussion

As for the implementation and execution of a preliminary approach, note that a
genetic algorithm (GA) has been also implemented and executed for comparison.
Due to space restrictions, numerical results are omitted to promote discussion
in this position paper. Experiments reveal that NS makes less predictable deci-
sions during the search compared to other metaheuristics. While fitness-oriented
algorithms will converge to an optimum once a promising search path is found,
NS is endlessly jumping from one solution to another. Consequently, there is
no assumption of how the ‘best solution’ looks like, as no objective fitness-based
optimum exists. In the NRP, this is reflected in how the search space is explored.
While the GA focuses on specific paths, NS significantly diversifies the explo-
ration, leading to equal chances for each requirement to appear in the release and
no particular customer being prioritized. Another effect is that the NS archive
contains a more diverse set of distinct solutions. In fact, the definition of the BC
is crucial as this determines how the search behaves relating to exploring the
search space. It cannot be translated in finding better (optimal) solutions than
GA, which is adjusted to the goal expressed as an objective measure (in case the
problem can be effectively represented by an objective measure).

Conversely, the NS strategy faces challenges that should nevertheless be taken
into consideration. The first challenge relates to the size of the behavioral space.
In the NRP, the number of requirement combinations could drastically grow,
making it difficult to inspect them all. If so, NS behaves similarly to a GA,
which cannot converge so quickly. A second challenge relates to the presence of
hard constraints, since feasible regions are more difficult to locate. Finally, both
the dimension of the BC and the distance selected to compute novelty scores
have been identified as key issues effecting the execution time.
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