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Abstract
Finding a compromise between the exploration of new opportunities that could yield ex-
cellent performances and the exploitation of existing solutions through local refinements
represents a major challenge in different sectors. In fact, although the search for improved
solutions may be costly and time consuming in the short term, its effects could have a big
impact in the long term. Conversely, exploitation is likely to be beneficial in the short
term, but might have a catastrophic effect in the long term. With respect to evolutionary
computation, several approaches attempt to address the issue from different perspectives. In
this work, we analyze the exploration-exploitation dilemma in problems where neutrality —
the condition according to which the search space consists of vast areas accessible through
mutations that do not jeopardize the survival chances — is a distinctive feature. Specifically,
we present the results achieved in two benchmark problems: (i) function optimization and (ii)
5-bit parity. Moreover, a novel method mixing exploration and exploitation, called SSSHC*,
is introduced and compared with two other algorithms. The experiments reported in this
paper indicate that the SSSHC* finds remarkably better solutions than other methods in the
optimization of function tests and is competitive with respect to the parity problem. Overall,
the outcomes show how exploration and exploitation can be effectively combined, but the
strategy for doing so is task-dependent.

Keywords: Exploration, Exploitation, Neutrality, Evolutionary algorithms.

1. INTRODUCTION

The exploration-exploitation dilemma represents a paramount concept in decision-making [1–3].
Specifically, the problem consists in finding a trade-off between exploration (i.e., the search for
new unseen possibilities) and exploitation (i.e., the refinement of existing solutions). While the
latter might be advantageous in the short term, these modifications could have a detrimental effect in
the long term, especially when external conditions change [4]. Consequently, balancing effectively
exploration and exploitation represents a challenging task. Furthermore, discovering techniques

110
Citation: Paolo Pagliuca. Analysis of the Exploration-Exploitation Dilemma in Neutral Problems with Evolutionary Algorithms. 
Journal of Artificial Intelligence and Autonomous Intelligence. Research. 2024; 1(2):8.                                          Pages: 110-121



https://jaiai.org/ | December 2024 Paolo Pagliuca.

that efficiently combine exploration and exploitation could be beneficial in widespread domains
like optimization and machine learning [5, 6].

The exploration-exploitation dilemma has been largely studied in the field of evolutionary compu-
tation by using techniques like Reinforcement Learning (RL) and Evolutionary Algorithms (EAs).
For example, the authors in [7], analyzed the capability of various learning policies to deal with the
exploration-exploitation dilemma in a collective foraging task performed by a swarm of Khepera
robots [8]. In [9], a novel adaptive framework called AdaZero was proposed to automatically
determine whether to explore or to exploit. The authors demonstrated how AdaZero bests state-
of-the-art RL algorithms in several Atari and MuJoCo [10], problems. The exploration-exploitation
trade-off has been investigated also in maze navigation scenarios [11, 12] and mountain car problem
[13].

Regarding EAs, different methods combining exploration and exploitation have been proposed in
literature (for a review, see [14]) among which the family of Memetic Algorihtms (MAs) [15],
is worth mentioning. Specifically, MAs combine exploration at a population level with a local
refinement process of current solutions (i.e., exploitation). The aim is to enhance the solutions
— termed also as genotypes — discovered so far, hence minimizing the premature convergence
problem. Successful examples of MAs can be found in the context of multi-objective optimization
[16], combinatorial optimization [17], hurdle problems [18], and swarm robotics [19]. In [20], a
novel MA termed Stochastic Steady State with Hill-Climbing (SSSHC) bested a pure Evolutionary
Algorithm, the Stochastic Steady State (SSS) [21], in several benchmark tasks under particular
circumstances. These examples demonstrate the existence of conditions fostering the discovery of
an effective exploration-exploitation trade-off.

In this article, we delve into the exploration-exploitation dilemma in two different domains: (i) a
function optimization scenario and (ii) the 5-bit parity problem. Both tasks are characterized by
high neutrality, the situation in which the search space consists of vast regions that can be accessed
through mutations not jeopardizing the survival possibilities [22]. Moreover, we present a novel
method, called SSSHC*, which represents a modification of the SSSHC algorithm introduced in
[20]. The two techniques differ with regard to the local refinement process (i.e., exploitation), which
consists of altering a single gene in the current solution. The idea is to leverage neutral theory [22], to
effectively combine exploration and exploitation so as to tackle premature convergence, especially
in the function optimization scenario (see the considerations reported in [20]). The comparison of
the SSSHC*, SSSHC and SSS methods in the two experimental settings reveals that the SSSHC*
outpeforms the other techniques in optimizing test functions. Conversely, SSSHC is superior to
SSS and SSSHC* regarding the parity task. Therefore, the mix of exploration and exploitation is
beneficial in neutral problems, but the effectiveness of the local refinement strategy is affected by
the peculiarities of the considered task.

This paper provides the following contributions:

• a thorough investigation of the exploration-exploitation dilemma in neutral problems is pre-
sented;

• a novel algorithm, called SSSHC*, is introduced;

• an effective exploration-exploitation trade-off has been found in two benchmark domains;
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• the nature of the exploitation phase is task-dependent.

The article is structured as follows: Section 2 describes the two experimental problems and the
algorithms. Section 3 reports the analysis of the outcomes. The most relevant findings are discussed
in Section 4. Lastly, final remarks are drawn in Section 5.

2. MATERIALS AND METHODS

In this section, we describe the experimental scenarios and the algorithms used to investigate the
exploration-exploitation dilemma.

2.1 Function Optimization

Function optimization is a widely used domain to assess the properties of EAs and other optimization
techniques [23]. The general formulation of the problem can be stated as follows: consider a
vector 𝑥 = [𝑥1, ..., 𝑥𝑛] of length 𝑛 and an objective function 𝐹. The goal is to solve the following
minimization problem:

min 𝐹 (𝑥)

In this study, four test functions have been considered: (i) the Griewank function [24], (ii) the
Rastrigin function [25], (iii) the Rosenbrock function [26], and (iv) the Sphere function. The
functions are mathematically defined as follows:
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A two-dimensional (2D) plot of the test functions is shown in FIGURE 1. The green entry represents
the optimum value for each function.
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Figure 1: 2D plot of the considered test functions with a two-dimensional input 𝑥 = [𝑥1, 𝑥2]. The
entry highlighted in green corresponds to the minimum value.

Table 1: Parameters used to synthesize solutions for the function optimization scenario.

Parameter Value
𝑛𝑢𝑚𝑅𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 20
𝑛𝑢𝑚𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝑠 106

𝑝𝑜𝑝𝑆𝑖𝑧𝑒 20
𝑚𝑢𝑡𝑅𝑎𝑡𝑒 0.05

𝑛 50

In this work, we delve into the case in which the considered test functions have to be optimized
by taking into account vectors 𝑥 (i.e., genotypes) of length 𝑛 = 50, which constitutes a relatively
difficult problem compared to the analysis reported in [20]. TABLE 1 contains the full list of
parameters, which have been derived from [20].

2.2 5-Bit Parity

The second scenario involves the synthesis of a digital circuit able to produce an output equal to
1 when the 5-bit input sequence contains an even number of 1-bits. In particular, in this study we
consider the evolution of digital circuits composed by many logic gates, each one performing a logic
function (an example is displayed in FIGURE 2). Each gate takes two binary inputs and produces
one binary output. As it can be observed in FIGURE 2, gates are connected through wires and the
output function computed by the circuit depend on both the logic functions performed by the single
gates and the way in which gates are connected. The logic functions performed by the circuit can
be the logic AND, OR, NAND or NOR. This makes the problem relatively challenging [27].

Effective solutions are those maximizing the following fitness function:
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Figure 2: A digital circuit with 5 inputs and 2 outputs. The circuit contains 9 logic gates, each
one computing a specific function, which are organized into 3 layers. The symbols representing the
logic functions are provided in the right panel. Lines indicate the connections between the elements
of the circuit.

Table 2: Parameters used to evolve solutions in the parity problem.

Parameter Value
𝑛𝑢𝑚𝑅𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 20
𝑚𝑎𝑥𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝑠 108

𝑝𝑜𝑝𝑆𝑖𝑧𝑒 20
𝑚𝑢𝑡𝑅𝑎𝑡𝑒 0.05

𝑛 5

𝐹𝑝𝑎𝑟𝑖𝑡 𝑦 = 1 − 1
2𝑛

2𝑛∑
𝑖=1

|𝑂𝑖 − 𝐸𝑖 |

where 𝑛 is the size of the input bit-string to the digital circuit (in this case 𝑛 = 5), 𝑖 represents the
generic input (𝑖 ∈ [1, 2𝑛]), 𝑂𝑖 denotes the output of the circuit for input 𝑖, and 𝐸𝑖 specifies the
expected output. TABLE 2 reports the list of parameters used in this scenario. Differently from
function optimization, in this case the evolving genotypes contain 406 genes (see the description
reported in [20]).

2.3 Evolutionary Algorithms

As stated in Section 1, three algorithms have been compared. The first technique is the Stochastic
Steady State (SSS) [21], an Evolutionary Algorithm (EA) working by evolving a population of
solutions through a pure exploration, without any local refinement. It represents the baselinemethod
of this study. Specifically, the algorithm considers an initial population of possible solutions, which
are progressivelymodified based on their capability to copewith the given problem, which is defined
as fitness or performance. The modifications of the solutions are realized through mutations only.
The SSS has been already used to evolve solutions in both the function optimization and the 5-
bit parity scenarios [20]. Moreover, it has been successfully employed to evolve solutions for
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Figure 3: Pseudo-code of the SSSHC* method.

the double-pole balancing problem [21], and has been applied to other domains, like car racing
simulators and collective foraging [28]. A complete description of the algorithm is reported in
[20, 21].

The second technique is the Stochastic Steady State with Hill-Climbing (SSSHC) [20], a Memetic
Algorithm (MA) that combines the SSS with a local refinement method seeking to enhance current
solutions. Specifically, the SSSHC performs an iterative local search through mutations. However,
there is no guarantee that this process is beneficial. In fact, especially in tasks characterized by
stochasticity and/or the existence of agent-environment interactions, mutations are mainly maladap-
tive and represent pitfalls that the SSSHC can be unable to handle. A detailed description of the
SSSHC can be found in [20].

The last technique is the SSSHC*, a variant of the SSSHC algorithm designed to enhance the quality
of solutions in neutral problems. The SSSHC* is illustrated in FIGURE 3: it works by initializing
a population of possible solutions with random values. Until the evolutionary process is not termi-
nated, the SSSHC* attempts to improve the performance of current solutions through a mutation
operator (exploration). Selected solutions undergo a local refinement process (exploitation) seeking
to further enhance the fitness discovered so far. In particular, differently from the SSSHC, the local
refinement process of the SSSHC* attempts to discover adaptive modifications by mutating one
gene only (see the pseudo-code in FIGURE 3). The strategy should be beneficial in the context of
function optimization, in which the SSSHC fails to improve the solutions discovered by the SSS
(see the discussion reported in [20]).
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With regard to the experiments described in this work, the length of the local refinement process of
the SSSHC and SSSHC* algorithms has been set to 𝑛𝑢𝑚𝑅𝑒 𝑓 𝑖𝑛𝑒𝐼𝑡𝑒𝑟𝑠 = 5 in both scenarios.

The experiments have been performedwith FARSA [29], a freely available tool already employed in
a similar experimental setting [20], as well as to synthesize effective controllers in robotic scenarios
[30–33].

3. RESULTS

This section reports the experimental outcomes. For the statistical analysis, we used the Mann-
Whitney U test and we applied the Bonferroni correction.

3.1 Function Optimization

The performance analysis in the optimization of test functions clearly indicate that the SSSHC*
significantly outperform both the SSS and the SSSHC (𝑝 < 0.05). Specifically, the SSSHC*
obtains remarkably lower values with respect to all the considered test functions (see FIGURE 4 and
TABLE 3): the ratio between the performance of the SSSHC* and those of the other techniques is
an order of magnitude equal to 2 (Rastrigin and Rosenbrock functions) or 3 (Griewank and Sphere
functions). This implies that the local refinement process of the SSSHC* is notably effective in this
domain. As illustrated in FIGURE 4, the SSSHC* excels at finding quasi-optimal solutions. On the
other hand, SSS and SSSHC algorithms fail to discover effective strategies and get stuck in local
optima. Besides, the outcome is achieved independently of the number of replications (see standard
deviations in TABLE 3 and FIGURE 4).

The SSSHC performs worse than the SSS in this domain (𝑝 < 0.05). The result could be partly
related to the number of refinement iterations (𝑁𝑢𝑚𝑅𝑒 𝑓 𝑖𝑛𝑒𝐼𝑡𝑒𝑟𝑠 = 5), especially in the case of
the Rosenbrock function (for a discussion about the relationship between performance and length
of the exploitation phase, see [20]). In addition, optimizing test functions with sequences of length
𝑛 = 50, as the ones considered in this work, is far from trivial.

Table 3: Average performance of the different algorithms on the optimization of test functions.
Standard deviations are provided in squared brackets. Data achieved by replicating the experiment
20 times. Best outcomes are expressed in bold.

SSS SSSHC SSSHC*
Griewank 0.2455 [0.0329] 0.3042 [0.0305] 0.0027 [0.0032]
Rastrigin 134.9092 [9.7396] 142.1595 [8.6134] 3.8090 [0.0]

Rosenbrock 2060.1830 [272.5708] 2766.7775 [300.3088] 45.7004 [26.4894]
Sphere 12.5683 [1.2789] 15.5306 [1.2895] 0.0192 [0.0]
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Figure 4: Fitness comparison in the function optimization scenario. Boxes contain data bounded in
the range [𝑄1, 𝑄3] (i.e., first and third quartiles of data, respectively). The horiziontal lines denote
the median values. The whiskers are drawn up to the largest data points falling within 1.5 times the
inter-quartile range of data. Data derived from 20 replications.

3.2 5-Bit Parity

Regarding the 5-bit parity problem, the SSSHC* obtains similar performance to the SSS (see FIG-
URE 5 and TABLE 4), although slightly inferior (𝑝 > 0.05). Furthermore, the SSSHC* is outper-
formed by the SSSHC (𝑝 < 0.05). Differently from the previous scenario, the refinement process
implemented by the SSSHC* fails to enhance current solutions. Conversely, the SSSHCmanages to
discover adaptive modifications leading to enhanced performances. In this domain, the refinement
mechanism of the SSSHC is advantageous over the SSSHC*, which necessitates longer evolutionary
process in order to reach higher performance levels. In addition, the SSSHC* is more sensitive to
the variability of different replications: the standard deviation of the SSSHC* is remarkably higher
than the other methods, as illustrated in FIGURE 5.

The performance of the SSSHC and SSS do not differ statistically (𝑝 > 0.05), although the former
method finds out better solutions on average. The result is in line with those reported in [20], where
SSS and SSSHC perform similarly when the length of the refinement process is in the range [1−10].

Table 4: Average performance of the different algorithms on the 5-bit parity task. Standard
deviations are provided in squared brackets. Data achieved by replicating the experiment 20 times.
Best outcomes are expressed in bold.

SSS SSSHC SSSHC*
5-bit parity 0.9156 [0.0560] 0.9531 [0.0702] 0.8672 [0.1126]
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Figure 5: Fitness comparison in the 5-bit parity problem. Boxes contain data bounded in the range
[𝑄1, 𝑄3] (i.e., first and third quartiles of data, respectively). The horiziontal lines denote the median
values. The whiskers are drawn up to the largest data points falling within 1.5 times the inter-quartile
range of data. Data derived from 20 replications.

4. DISCUSSION

The results presented in this work indicate that finding an effective trade-off between exploration
and exploitation is far from trivial and depends on the considered task. In fact, with regard to
the optimization of test functions, the local refinement process of the SSSHC* is highly effective
at improving current solutions (see TABLE 3). In this domain, mutating one gene enables the
algorithm to discover adaptive modifications ultimately leading to enhanced performances. On
the other hand, the SSSHC works by mutating multiple genes simultaneously at each refinement
iteration. Consequently, the beneficial effect of altering the value of some genes is neutralized by
maladaptive modifications of other values. Further research should verify these claims with respect
to other optimization functions (e.g., Ackley [34]).

Instead, concerning the parity problem, the refinement process of the SSSHC* fails in the discovery
of effective solutions. This can be explained by considering that the size of the evolving genotype
is considerably higher than that of the genotypes evolved for the function optimization scenario.
Given the length of the exploitation, finding adaptive mutations in this case is remarkably more
complex. Conversely, the simultaneous modification of different genes performed by the SSSHC
enables to improve the performance and escape from local minima. Overall, the outcomes suggest
a relationship between the genotype size and the way exploration and exploitation are balanced.
Research on this topic goes beyond the scope of this paper and could be address in future works.

To sum up, the exploration-exploitation trade-off is beneficial in both tasks, but the way exploitation
is performed is tightly linked to specific problem. Further studies should clarify to what extent the
considerations reported here might be generalized to other domains.
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5. CONCLUSIONS

The exploration-exploitation dilemma is a pivotal topic in the field of evolutionary computation as
well as in many other domains. There exists a broad literature presenting approaches that seek to
disentangle the subject by using Evolutionary Algorithms (EAs). In this respect, the application of
memetic algorithms (MAs) shows promise in different scenarios.

In this work, we analyze the possibility to find effective trade-offs between exploration and ex-
ploitation in the context of neutral problems, i.e. tasks in which the search space is characterized
by large areas that can be accessed through mutations not jeopardizing the survival chances. In
particular, we considered two benchmark problems: (i) the optimization of test functions, and
(ii) the 5-bit parity task. Moreover, we present a novel MA, called SSSHC*, which represents
a modification of the SSSHC specifically tailored for neutral problems. The achieved outcomes
reveal that an effective exploration-exploitation trade-off has been found in both domains, but the
nature of exploitation depends on the specific problem: the SSSHC* allows to significantly improve
the quality of solutions in the optimization function scenario, but has no positive effects regarding
the parity problem. Instead, opposite results are obtained by the SSSHC. Overall, these findings
demonstrate that the efficacy of exploitation is intertwined with the specificity of the task.

Notwithstanding the limitations of the current work, it contributes to open avenues on the compre-
hension of the exploration-exploitation dilemma andmight pave the way to new approaches tackling
this complex phenomenon. Future research directions could involve the study of mechanisms
allowing to find an effective exploration-exploitation trade-off regardless of the specific nature of
the considered problem, as the example reported in [35]. Moreover, future work should investigate
the exploration-exploitation dilemma in highly dynamic environments. Lastly, the considered al-
gorithms represent modifications of the SSS. Future studies could investigate the effectiveness of
mixing exploitation with more sophisticated EAs, like the CMA-ES [36], and the OpenAI-ES [37],
algorithms. Another interesting direction could involve the identification of mechanisms to adjust
the exploration-exploitation trade-off online during the evolution, according to some performance
criterion, in order to minimize the risk of premature convergence.
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