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Abstract
The incorporation of a Cellular Automata (CA)-like structure into the population of 
Evolutionary Algorithms (EAs) has been shown to enhance solution quality. How-
ever, research on CA-like structures in the context of Genetic Programming (GP) 
remains limited. This work examines the impact of introducing such structures in 
Geometric Semantic variants of GP, specifically focusing on the well-established 
Geometric Semantic GP (GSGP) and the recently proposed SLIM-GSGP, which 
prioritizes generating smaller and more interpretable individuals. Furthermore, we 
analyze how cellular structures influence the effectiveness of semantic-based re-
combination and mutation in both GSGP and SLIM-GSGP. To this end, we conduct 
a comprehensive evaluation of these genetic operators, examining their effects both 
individually and in combination. We provide insights into how CA-like structures 
and semantic genetic operators influence both the quality and size of solutions in 
GSGP and SLIM-GSGP, offering a clear understanding of the trade-offs associated 
with these approaches.

Keywords  Evolutionary algorithms · Genetic programming · Geometric semantic 
genetic programming · Cellular automata · Symbolic regression · SLIM 
geometric semantic genetic programming

1  Introduction

Cellular Automata (CA) [1–3] are classical nature-inspired computing models con-
sisting of n-dimensional grids of cells, each capable of occupying one of a finite set 
of states. Each cell interacts within a defined neighborhood, and at each discrete time 
step, all cell states are synchronously updated according to a uniform local rule.
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The inherent properties of CAs make them a promising model for evolution in 
Evolutionary Algorithms (EAs). Representing the population as a toroidal structure 
restricts interactions to individuals within the same neighborhoods [4–6], which can 
provide several algorithm-dependent benefits. By limiting interactions, this structure 
mitigates premature convergence to local optima and promotes diversity in the search 
process, often leading to the discovery of higher-quality solutions [4, 7–12].

In this context, the problem of Symbolic Regression (SR) has attracted significant 
attention, with numerous techniques proposed to discover accurate mathematical 
expressions that interpolate available data [13, 14], despite its inherent difficulty [15].

The combination of CAs and EAs has shown promise [13, 14]; however, integrat-
ing Genetic Programming (GP) with spatial structures such as CA remains largely 
unexplored, particularly for SR. Most existing research on CA-based GP has either 
focused on domains other than SR  [16–18] or pursued parallel implementations 
aimed at enhancing computational efficiency [19]. Furthermore, these studies have 
not been assessed using modern, widely recognized SR benchmarks [14, 20].

Additionally, semantic-based variations of GP, such as Geometric Semantic 
Genetic Programming (GSGP) [21, 22], have received little attention in CA-inspired 
frameworks. GSGP is a GP variant that explores the space of programs by using their 
semantic representations and by performing modifications that have direct effect on 
the semantic of the evolved programs.

Only recently a cellular structure has been introduced to regulate the spread of 
dominant individuals and mitigate premature convergence in GSGP [7]. However, 
this approach does not address the inherent exponential growth of trees in GSGP. A 
promising solution to this issue is Semantic Learning algorithm based on Inflate and 
deflate Mutation (SLIM) [23, 24], a recent GSGP variant that employs a modified 
Geometric Semantic Mutation (GSM) operator to generate more compact offspring, 
thus reducing model size. This method was firstly developed to only use mutation 
without any type of recombination, thus limiting the exploration capabilities of the 
algorithm and focusing on exploitation only. However, in [25], Pietropolli et al. inte-
grated several types of crossover operators within SLIM, showing that this technique 
can be also employed with both recombination and mutation together to provide a 
higher-quality search space exploration.

Building on the insights from [7], Rovito et al.  [26] explored the integration of 
cellular structures into various GP approaches by evaluating two primary aspects: 
model performance, to measure solution quality, and model size. As demonstrated 
in [23, 24], smaller models enhance interpretability by yielding more comprehensible 
mathematical expressions, making them more suitable for analysis with explainabil-
ity techniques. Compact models also offer practical benefits, including lower com-
putational and memory demands, and greater ease of deployment and monitoring in 
real-world applications.

The combination of GP and GSGP variants with spatial structures introduces non-
trivial interactions that affect selection pressure, diversity maintenance, and solu-
tion complexity. Theoretical modeling of such hybrid systems is limited, as existing 
analysis often assume populations where individuals can interact freely. More-
over, the overlapping effects of each technique on performance metrics complicate 
interpretation.
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This manuscript extends our previous work  [26], where we introduced cellular 
structures into three variants of Genetic Programming: standard GP, GSGP, and 
SLIM. We focus on these three GP algorithms in their standard versions to ensure 
a clear comparison, as they each possess distinct strengths and limitations. We per-
formed a systematic comparison of their performance under mutation-only settings. 
In this extended version, we investigate the role of semantic crossover in GSGP and 
SLIM within a cellular framework. Specifically, we assess whether the introduction 
of crossover alters the trade-offs between accuracy and model size observed in the 
mutation-only case, and how the interaction between crossover and cellular con-
straints impact evolutionary dynamics.

Our study begins with a thorough literature review that consolidates previous 
research on GP techniques and cellular frameworks (Sect. 2). We then conduct an 
extensive experimental analysis, evaluating model performance, model size, and 
diversity according to different cellular structures and genetic operators combinations.

Our goal is to comprehensively understand how toroidal cellular grids and genetic 
operators affect the population dynamics and the performance of core GP algorithms. 
Additionally, we aim to clarify the balance between predictive accuracy and model 
size that can be achieved by integrating GP techniques with CA-inspired structures, 
by also analyzing the impact of the individual semantic-based genetic operators.

Finally, although the topic may seem specific, our ablation study includes various 
configurations with and without cellular automata and semantic operators, enabling 
broader comparisons. While we cannot say with certainty that our conclusions extend 
to all GP methods, the set of algorithms and experiments we include covers a wide 
range of potential GP variants. We therefore believe our findings generalize to a 
broad set of use cases.

In Sect. 2 we discuss the literature review concerning cellular structures applied to 
EAs, in Sect. 3 we outline the main GP variants analyzed, the genetic operators under 
examination, and the cellular-based selection procedure we employ, in Sect. 4 we 
describe our experimental methodology and setting, in Sect. 5 we show the outcomes 
of our analysis and we discuss the main findings, and in Sect. 6 we summarize our 
conclusions and outline possible future research directions.

2  Related works

Prior studies have investigated the integration of spatial structures in EAs  [4–6]. This 
approach restricts interactions to localized subsets of the population, known as neigh-
borhoods, which are typically arranged in a grid. In Genetic Algorithms (GAs) [27], 
a Cellular Genetic Algorithm (cGA) [4–6] is used to introduce spatial structuring, 
and research [4, 6] has examined the effect of different neighborhood configurations 
on performance. Deng et al. [28] leveraged cGA to improve optimization in prob-
lems like the traveling salesman problem, where cGA was combined with simulated 
annealing [29]. Alba et al. [4] introduced a dynamic version of cGA, where explo-
ration-exploitation is adjusted during evolution. In another work, Murata et al.  [8] 
implemented C-MOGA, a GA incorporating cellular structuring for local selection 
in multi-objective optimization. Building on this idea, Nebro et al. [9] later proposed 
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MOCell, drawing inspiration from traditional cGA. Additionally, Mariot et al. [30] 
utilized GA and GP with CAs to design orthogonal Latin squares. Beyond GA, other 
EAs have also leveraged cellular structures to regulate the spread of solutions within 
a population [10, 31, 32]. This demonstrates that applying a cellular structure to the 
population is generally feasible regardless of the specific algorithm used.

GP [33] has demonstrated its versatility and effectiveness in solving a wide range 
of problems by evolving computer programs [34–39]. A key advantage of its learning 
process and solution representation is the potential to uncover interpretable mod-
els  [40–49]. Folino et al.  [19] proposed a scalable parallel implementation of GP 
based on a cellular structure, incorporating load balancing to evenly distribute tasks 
across processors. Their results showed that this approach can outperform both tradi-
tional GP and the island model [50], where evolutionary runs occur independently on 
separate population subsets. Moreover, they proposed a parallel cellular-based imple-
mentation of GP to tackle classification problems [16]. In later studies, Takac pro-
posed a cellular-based GP method for both classification [17] and data mining [18]. 
Furthermore, research by  [51] and  [52] showed that integrating spatial population 
structure with local elitist replacement effectively mitigates bloat (unnecessary 
growth in tree size) in GP, while preserving performance.

Biodiversity in a population can be maintained by applying speciation, in which 
individuals are grouped into distinct niches based on structural similarities, restricting 
crossover to individuals within the same niche. Della Cioppa et al. [53] proposed an 
adaptive species discovery strategy to overcome the limitations of traditional niching 
methods, which often depend on prior knowledge of the fitness landscape. Building 
on the NEAT algorithm [54], Trujillo et al. [55] applied speciation to control program 
growth in GP through neat-GP, which promotes complexity only when necessary by 
dividing the population into species based on size and structure. Juarez et al.  [56] 
improved neat-GP by incorporating a local search operator to enhance solution qual-
ity. Cussat et al.  [57] proposed a network distance metric to speciate populations 
of artificial gene regulatory networks, showing that speciation fosters diversity and 
maintains smaller individuals. Martins et al. [58] combined GAs with speciation and 
grid pattern recognition to reduce investment risks and increase profits. Wickman et 
al. [59] applied speciation in Reinforcement Learning (RL) to evolve diverse poli-
cies, while Pietropolli et al. [12] proposed using substrates with empty cells (barriers) 
instead of a flat toroidal grid to slow genetic propagation and enhance diversity.

Various studies have examined the impact of selection pressure and sampling 
strategies in both standard EAs [60, 61] and cellular-based EAs [11, 62]. In cellular-
based EAs, spatial structure plays a crucial role in regulating takeover time, i.e., the 
number of generations required for a dominant individual to spread throughout the 
population. A longer takeover time is associated with greater diversity [11].

GSGP [21, 22], which has beeen shown to outperform GP in various tasks [13, 14, 
21, 63–67], also suffers from notable limitations. These are mainly due to the sus-
ceptibility of GSGP to local optima, where evolution may stagnate, and its tendency 
toward premature convergence, leading to low takeover time [68]. It is common to 
employ only a mutation based GSGP, since it was proven that the Geometric Seman-
tic Crossover (GSC) is not an effective operator, due to the fact that it constrains 
the evolution inside the convex hull of the population, limiting exploration [69]. To 
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address these issues, Bonin et al. [7] introduced Cellular Geometric Semantic Genetic 
Programming (cGSGP), a variant of GSGP that imposes a cellular toroidal structure 
to the population. Their findings indicate that this approach enhances diversity in the 
early stages of evolution by increasing takeover time, ultimately leading to improved 
performance over standard GSGP.

While these efforts help limit premature convergence, GSGP still suffers from 
exponential growth of the trees across the generations. Given the extensive research 
on improving this technique [70–75] and the availability of efficient implementa-
tions  [76, 77], numerous studies have sought to address bloating and mitigate the 
uncontrolled growth of trees size [67, 72, 75, 77–80]. However, these methods still 
rely on Geometric Semantic Operators (GSOs), which inherently generate offspring 
larger than their parents [81].

Recently, Vanneschi et al.  [23] proposed SLIM, a novel variant of GSGP that 
employs a specialized GSM, capable of producing smaller offspring without compro-
mising performance. This advancement marks a significant shift in how GSGP solu-
tions are generated and utilized. Building on this foundation, Pietropolli et al. [25] 
expanded SLIM by incorporating various crossover operators, demonstrating that 
this technique, originally designed to rely solely on mutation, can effectively inte-
grate both recombination and mutation. This enhancement enables a more diverse and 
higher-quality exploration of the search space. Despite advancements in controlling 
bloat, the interaction between SLIM and spatial structuring remains underexplored. 
In particular, combining semantic-driven bloat control with spatial structuring could 
address complementary challenges in GSGP-based methods.

3  Methods

In this section, we briefly describe GP [33, 82] and its two variants [21, 24] that we 
will investigate alongside vanilla GP. We also describe the cellular-based selection 
strategy adopted in [7].

3.1  Genetic programming

GP is an evolutionary algorithm that evolves computer programs to solve problems 
without requiring explicit programming. It is derived from the broader field of GA 
and operates by mimicking natural selection, iteratively refining a population of can-
didate solutions. This approach is particularly useful for addressing complex, non-
linear problems where the structure of the solution is unknown or difficult to define 
beforehand. The fundamental mechanisms of GP include selection, which prioritizes 
the best individuals for reproduction, crossover (combining solutions), and mutation, 
which introduces variation to maintain diversity in the population.

A notable application of genetic programming is symbolic regression, a tech-
nique for discovering the mathematical expression that best models the relationship 
between input variables and outputs. Unlike conventional regression methods that 
require predefined model structures (e.g., linear or polynomial models), symbolic 
regression autonomously determines both the equation form and its parameters. This 
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makes it highly adaptable and capable of capturing intricate, non-linear relationships 
within data. The resulting models are often interpretable, providing insights into 
underlying systems in various fields such as physics, biology, or economics.

Symbolic regression via GP has been successfully applied to system identifica-
tion, financial modeling, bioinformatics, and engineering optimization. However, its 
effectiveness relies on careful configuration, including selecting the right function 
set, defining fitness evaluation, and managing program size growth (bloat). Recent 
advancements, such as hybrid methods and machine learning integration, continue to 
improve the efficiency and effectiveness of genetic programming, solidifying its role 
as a tool for predictive modeling and knowledge discovery [83].

Genetic programming typically represents individuals as tree structures, as illus-
trated in Fig. 1.

For an input vector X = [x1, x2, . . . , xn], an individual’s predictions 
S = [T (x1), T (x2), . . . , T (xn)] can be referred to as its semantics [21]. While stan-
dard GP operations like one-point crossover [83] and one-point mutation [83] vis-
ibly alter an individual’s structure, their semantic impact remains uncertain until 
evaluation.

3.2  Geometric semantic genetic programming

GSGP [21] is a variant of GP that replaces traditional genetic operators with GSOs. 
GSOs uniquely map genetic changes to predictable shifts in semantic space. These 
operators generate unimodal error surfaces for supervised learning tasks, as discussed 
in [22, 84].

Recent research [67, 69] suggests that mutation-based GSGP can match or exceed 
crossover-based performance. The GSM operator for symbolic regression, intro-
duced in [21], is defined as follows:

GSM. Given a function T : Rn → R, GSM with mutation step ms creates a new 
function: GSM(T ) = T + ms · (TR1 − TR2), where TR1 and TR2 are random func-
tions, and ms controls mutation magnitude.

This approach perturbs each semantic component of T uniquely. The difference 
between two random functions, TR1 and TR2, ensures a zero-centered distribution, 
balancing positive and negative perturbations.

Research [65, 67, 85] demonstrates that constraining TR1 and TR2’s output range 
(e.g., [0,  1] via sigmoid functions  [85]) enhances GSGP’s generalization. This 
ensures perturbations remain within [−ms, ms], effectively performing ball muta-
tions in semantic space [21, 67, 84]. However, GSM increases individual size, as the 
resulting function embeds the parent alongside additional random expressions.

Fig. 1  Example of an individual in GP 

1 3

   27   Page 6 of 39



Genetic Programming and Evolvable Machines…

3.3  Alternative ball mutation definitions

The GSM operation can be rewritten as: GSM(T ) = T + ∆(T ), where ∆(T ) repre-
sents the mutation-induced perturbation.

If TR1 and TR2 are confined to [0,  1] via sigmoid transformation, then: 
∆(T ) = 2SIG = ms · (S(TR1) − S(TR2)), where S is the sigmoid function.

Other perturbation methods exist [23, 24, 86]:

	● ∆(T ) = 1SIG = ms · (2S(TR) − 1), using a single random function TR.
	● ∆(T ) = ABS = ms · (1 − 2/(1 + |TR|)).

1SIG and ABS require fewer computations than 2SIG [24].
Another approach scales the parent instead of adding perturbation: 

GSM(T ) = T · (1 + ∆(T )).
Combining three perturbation functions (2SIG, 1SIG, ABS) with two mutation 

methods (addition, scaling) produces six variants. For instance, three approaches can 
be implemented by using scaling as mutation method [23, 24]:

	● SLIM*2SIG, defined as: GSM(T ) = T · (1 + 2SIG).
	● SLIM*1SIG, defined as: GSM(T ) = T · (1 + 1SIG).
	● SLIM*ABS, defined as: GSM(T ) = T · (1 + ABS).

3.4  Semantic learning algorithm based on inflate and deflate mutation

SLIM [23, 24] is an extension of GSGP that, alongside the geometric semantic muta-
tion described earlier, introduces a novel mutation operator. Similarly to the previ-
ously described mutation, this new operator induces a ball mutation of radius ms on 
the semantic space. However, unlike the former operator, this new mutation produces 
offspring that are smaller in size than their parents. Consequently, this new operator is 
named Deflate Geometric Semantic Mutation (Deflate Geometric Semantic Mutation 
(DGSM)), while the prior operator will be referred to as Inflate Geometric Semantic 
Mutation (Inflate Geometric Semantic Mutation (IGSM)).

The inspiration behind DGSM stems from two key obser-
vations. First, the definition of GSM can be rewritten as 
GSM(T ) = T + ms · (TR1 − TR2) = T − ms · (TR2 − TR1). Second, since the 
random expressions TR1 and TR2 are sampled independently from the same distribu-
tion, their roles are interchangeable. Consequently, GSM can be equivalently defined 
as: GSM (T ) = T − ms · (TR1 − TR2).

This observation is key to developing a mutation operator capable of reducing the 
size of individuals. For example, applying GSM three times on an individual T yields: 
TM = GSM3(T ) = T + ms · (TR1 − TR2) + ms · (TR3 − TR4) + ms · (TR5 − TR6).

Applying GSM one more time with subtraction instead of addition results in: 
TM ′ = T + ms · (TR1 − TR2) + ms · (TR3 − TR4) + ms · (TR5 − TR6) − ms · (TR7 − TR8).

A common practice in literature is to reuse random expressions [67]. By reusing 
TR3 and TR4 in place of TR7 and TR8 when a new mutation is applied, the result 
becomes:
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� (1)

	 � (2)

This simplification results in an individual with a smaller genotype than TM . The 
DGSM operator utilizes this principle by eliminating one of the elements previously 
added by IGSM. Importantly, this simplification does not constitute a backtracking 
step, as the resulting individual was never present in the previous population.

In the implementation of SLIM, the genotype of each individual can be visualized 
as a linked list, where the first node represents the initial random expression, and 
each subsequent node corresponds to an expression added by IGSM. This structure 
is illustrated in Fig. 2.

DGSM removes one non-initial element from the linked list, simplifying the 
genotype.

While this example employs the SLIM+SIG2 variant, the same rationale applies to 
the other variants. For SLIM*ABS, the deflate mutation is implemented by dividing 
instead of subtracting, leading to further simplification.

3.4.1  Crossover in SLIM

In SLIM, the linked-list representation not only facilitates the implementation of the 
deflate operator but also enables novel approaches for recombining genetic material 
within the population. Standard GSGP faces well-documented challenges: (1) Even 
more than GSM, GSC leads to exponential growth in population size due to its ten-
dency to produce offspring larger than their parents [21], and (2) GSC has limited 
search capability, as it cannot generate individuals outside the convex hull of the 
existing population [87, 88].

To mitigate these limitations, [25] introduced new crossover methods that address 
both constraints. For (1), these methods were designed to control individual size, 
preventing the rapid growth typical of GSC. For (2), they extended beyond standard 
geometricity–unlike GSC, which generates offspring along the segment between par-
ents, the new crossovers allow for a broader search space while maintaining a clear 
geometric interpretation.

Fig. 2  An example of a SLIM+2SIG individual, visually depicting the effects of IGSM and DGSM on 
its genotype. The IGSM appends new blocks, while DGSM removes them
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Among the different operators proposed in [25], the authors introduced Swap 
Crossover (XOSw), a crossover that swaps elements within the linked list between 
parents, enabling genetic recombination while preserving offspring size. XOSw is 
defined as:

Swap Crossover (XOSw) Given two parent functions
T1 = (T1, ∆T

(1)
1 , . . . , ∆T

(1)
n1 ) and T2 = (T2, ∆T

(2)
1 , . . . , ∆T

(2)
n2 ), where n1 < n2 

without loss of generality, XOSw produces two offspring functions:

	

TXOSw1 = sel(T1, T2) ·
∏n1

i=1 sel(∆T
(1)
i , ∆T

(2)
i ) ·

∏n2
i=n1+1 sel(1, ∆T

(2)
i ),

TXOSw2 = sel(T1, T2) ·
∏n1

i=1 sel(∆T
(1)
i , ∆T

(2)
i ) ·

∏n2
i=n1+1 sel(1, ∆T

(2)
i )

� (3)

where Π denotes multiplication over the terms, sel(a, b) selects a or b with equal 
probability, with 1 serving as the neutral multiplicative element. The operator sel(a, b) 
returns the complement of sel(a, b), such that if sel(a, b) = a, then sel(a, b) = b, and 
vice versa.

This crossover generates two distinct individuals. For the first offspring, each 
block is randomly selected from the corresponding position in either parent with 
equal probability. The second offspring is then constructed by taking all blocks not 
selected by the first; for each position, if the first offspring inherits a block from 
one parent, the second offspring inherits the corresponding block from the other 
parent. When parents differ in length, any extra blocks from the longer parent (for 
i = n1 + 1, . . . , n2) may or not be assigned to the first offspring at random. The 
second offspring then inherits any remaining unassigned blocks, ensuring distinct 
contributions without overlap.

3.5  Cellular methods

Standard GP and GSGP algorithms lack spatial structure within the population. Selec-
tion is performed across the entire population and crossover is potentially allowed 
between any pair of individuals.

In algorithms inspired by CA [1–3], a spatial structure is imposed, leading to a 
notion of neighborhood within the population. CA is a formal model widely stud-
ied in computability theory, consisting of finite automata arranged based on a spe-
cific topology, with each cell updating its internal state according to a local rule that 
depends exclusively upon a given number of neighboring automata. Just like in [7], 
individuals in the population are arranged according to a toroidal grid, where each 
individual belongs to a specific cell (i.e., a spatial location), randomly chosen at ini-
tialization, which, in turn, belongs to a specific neighborhood. With this configura-
tion, we impose a spatial structure on the population, and, consequently, a notion of 
neighborhood that can be leveraged in the selection phase.

The neighborhood of radius r for a given individual is defined by a hypercube with 
side 2r + 1, corresponding to the Moore neighborhood centered on the cell in the 
grid containing the individual at hand. Note that in this configuration each individual 
belongs to its own neighborhood. The toroidal configuration of the grid ensures all 
cells have complete neighborhoods, otherwise, cells near the hypercube faces would 
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be incomplete. We denote the n-dimensional toroidal grid with radius r ∈ N as T n
r , 

while we denote the absence of toroidal configuration over the population as T 0. 
Note that there are no disconnected neighborhoods in T n

r  when r > 0. This means 
that information can be exchanged between any two cells within the grid. In other 
words, there are no isolated or independent sub-populations.

After defining a neighborhood-based toroidal structure, we detail how this con-
figuration is influencing the selection process and the choice of the parents for the 
crossover operator. Mutation, being inherently local, does not need any modifica-
tion. To this end, we adopt the aforementioned described cellular-inspired structure 
along with the selection strategy in [7], which allows only local interactions between 
individuals.

Given an n-dimensional toroidal grid and an individual Ti in a cell i of the grid, 
we denote Ni as the neighborhood centered in the cell i. For instance, with two 
dimensions, we have that i = (i1, i2) and a neighborhood of radius r is defined as 
Ni = {j = (j1, j2) such that ||i − j||∞ ≤ r}, where ||x||∞ is the maximum norm 
||x||∞ = max1≤i≤n |xi|. An example of toroidal grid with neighborhoods of radius 
one is depicted in Fig. 3.

Ti is replaced by a new tree derived from others in its neighborhood Ni and selec-
tion is performed for each cell in the grid. Specifically, for each cell i, the two indi-
viduals chosen for crossover are selected among the individuals within the same 
neighborhood Ni. If no crossover is performed, Ti is replaced with another (mutated) 
individual in Ni.

This approach (defined as TRSp) is a tournament-based selection within local 
neighborhoods, where the selection pressure is defined by a value p ∈ (0, 1] rep-

Fig. 3  Example of a population with 100 individuals distributed according to T 2
1 . In the figure, two 

positions with the corresponding neighborhoods are highlighted, following the toroidal structure when 
the position is close to the borders. Each cell contains the individual in that position, whose row index 
and column index are indicated as a subscript
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resenting a proportion of the given neighborhood. A subset S of Ni is sampled by 
iterating across the elements of Ni. For each element, it is inserted into S with proba-
bility p (S is initialized as an empty set prior to the beginning of the iterations). Then, 
a rank-based selection is applied on S: if no crossover is performed, then the new 
individual in cell i will be a mutated version of the best individual in S. If crossover is 
performed, then the new individual will be a tree generated by performing crossover 
between the two best individuals in S. Figure 4 shows a diagram describing how cel-
lular structures can be integrated within an evolutionary algorithm. Figure 5 shows a 
diagram comparing vanilla GSGP and cellular-based GSGP.

4  Experimental methodology

In this section, we describe our experimental methodology and setting.

Fig. 5  Diagram comparing a vanilla GSGP and cGSGP. The figure highlights which are the compo-
nents that differ between the two techniques

 

Initialisation

Cellular-based

Selection

Crossover

Mutation

Which data structure to

represent the population?
Define, for instance, an n-dimensional toroidal grid with r as neighbourhood

radius 

How to leverage the cellular
structure to select the parents?

Define selection pressure and selections number: tournament selection, roulette

selection, cellular selection (pressure may be given by a sampling probability)

Cellular-based Variant

Standard EA

How to generate the offspring

from the parents?
Define a crossover operator to be executed with some probability: sub-tree one-

point crossover, geometric semantic crossover

How to mutate the offspring?
Define a mutation operator to be executed with some probability: sub-tree

uniform mutation, geometric semantic mutation (with some mutation step)

Fig. 4  Diagram describing a baseline cellular-based evolutionary algorithm. For each activity, the main 
design choice is highlighted, and an overview of the main hyper-parameters and variants is presented. 
Especially, we highlight in bold the hyper-parameters and the main building blocks that compose the 
design choices
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To guide our experimental design, we formulate the following research questions: 
RQ1	 How does the introduction of a cellular (toroidal) structure affect the per-
formance and size of evolved solutions in different GP algorithms?
RQ2	 How do different exploration pipelines (i.e., combinations of mutation and 
crossover) influence accuracy and model size, especially in semantic methods such 
as GSGP and SLIM?
RQ3	 Which combinations of algorithm, exploration pipeline, and spatial struc-
ture achieve the best trade-off between accuracy and interpretability (measured by 
model size)?
RQ4	 To what extent do cellular structures promote semantic diversity during evo-
lution, and how does this affect search dynamics?
We set a population size of 100 that is evolved for 1000 generations with elitism 
enforced (the best solution according to the training set is preserved to the next gen-
eration). In case of standard non-cellular (T 0) algorithms, we employ tournament 
selection with a tournament size of 4 as selection criterion. In case of cellular algo-
rithms, we use a 10x10 bi-dimensional toroidal grid. We test cellular methods with 
p = 1 and radius between 2 (T 2

2 ) and 3 (T 2
3 ) since, according to [7], these are the 

hyper-parameter values that bring more consistent results.
We use ramped half-and-half tree initialization [33, 82, 89], with an initial maxi-

mum depth of 6. The function set consists of the following operators: +, −, ×, ÷∗, 
where ∗ indicates protected division to avoid numerical errors (if the denominator is 
zero, then one is returned). The terminal set consists of the variables of the problem. 
As in [23, 24], we do not explicitly add ephemeral constants to the terminal set.

Together with different cellular structures, we also test different combinations of 
genetic operators. Specifically, in case of the semantic variants of GP (GSGP and 
SLIM), we test each algorithm with only crossover (Ecx), only mutation (Emut), and 
both crossover and mutation (Ecx,mut) executed in a mutually exclusive way for each 
individual in the population and for each generation. From now on, we refer to these 
three combinations of genetic operators as exploration pipelines. In our experimental 
campaign, we only run vanilla GP with Ecx,mut as this is the standard algorithm. In 
case of SLIM, we omit the results for Ecx since, considering the crossover operator 
under employment, without executing mutation the population does not change over 
time, making this specific case of variation useless.

GP performs sub-tree crossover with probability 0.8 and sub-tree mutation with 
probability 0.2. When we use Ecx,mut as exploration pipeline, GSGP performs GSM 
with probability 0.8 and GSC with probability 0.2, while, analogously, SLIM per-
forms SLIM mutation with probability 0.8 and SLIM crossover with probability 0.2. 
Following [23], we set SLIM inflate and deflate probabilities to 0.3 and 0.7, respec-
tively. The mutation step ms is sampled uniformly from the interval [0, 1] for each 
mutation event in both GSGP and SLIM.

Regarding the specific SLIM mutations employed, we focus our analysis on 
SLIM+

ABS, SLIM+
SIG1, and SLIM+

SIG2, which are the SLIM versions on which cel-
lular structures have been shown to be more effective  [26]. Regarding the SLIM 
crossover, we employ the swap crossover since, according to [25], it has been shown 
to be the most effective one. The choice of crossover and mutation probabilities when 
using Ecx,mut is justified by the findings in [25], where Pietropolli et al. tested dif-
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ferent crossover/mutation probabilities and found out that no meaningful difference 
is recorded when slightly varying those probabilities. Therefore, we adopt standard 
values for these probabilities.

We adopt six datasets that are commonly used in GP tasks [20, 65, 67, 74] (Table 1).
Each dataset is randomly split into 30 train-test partitions using a 7:3 ratio. For 

every method, dataset, and hyperparameter configuration, we conduct 30 indepen-
dent runs, corresponding to each partition.

Our experiments focus on three key metrics: (i) the Root Mean Squared Error 
(RMSE) [94], which quantifies model accuracy, with lower values indicating better 
regression performance; (ii) Model size (log10(ℓ)), defined as the base-10 logarithm 
of the total number of nodes (ℓ), serving as an indicator of interpretability, memory 
usage, and computational complexity, as discussed in  [23]; (iii) Global Moran’s I 
(I) [95, 96], a spatial autocorrelation metric [97] that captures diversity within neigh-
borhood-based populations.

I assesses the similarity (or dissimilarity) of values located in neighboring loca-
tions. Provided that an individual is represented by its semantics, we have:

	
I = M

W

∑M
i=1

∑M
j=1 wij(xi − x̄)(xj − x̄)
∑M

i=1(xi − x̄)2

where M is the population size, wij ∈ R is the value located at the i-th row and the j-th 
column of the matrix w ∈ RM×M , wii = 0 for 1 ≤ i ≤ M , W =

∑M
i=1

∑M
j=1 wij , 

xi is the i-th individual in the population represented as a semantic vector, and x̄ is 
the mean of all the semantic vectors of the individuals in the population. In our case, 
wij = 1 if i ̸= j and the j-th individual belongs to the neighborhood of the i-th indi-
vidual (in a standard non-cellular method the entire population is a single neighbor-
hood), otherwise wij = 0.

The I  measure ranges from −1 to 1. Values near 1 indicate strong positive spatial 
autocorrelation, meaning that individuals with similar semantic content are clustered 
together within the population. Conversely, values approaching -1 suggest negative 
spatial autocorrelation, where similar individuals are dispersed rather than grouped. 
A I  value close to 0 implies that the spatial distribution of individuals is indistin-
guishable from a random arrangement.

A strictly positive I  value indicates that each neighborhood forms a cluster of 
similar individuals, while remaining distinct from other neighborhoods. This spatial 
structuring promotes diversity by ensuring that different regions of the search space 
are explored independently. This is an effect reinforced by the toroidal grid.

Dataset Records Variables References
Airfoil (ARF) 1502 5 [90]
Concrete (CNC) 1029 8 [63]
Slump (SLM) 102 9 [91]
Yacht (YCH) 307 6 [92]
Parkinson (PRK) 5875 18 [64]
QSAR aquatic toxicity (QSR) 546 8 [93]

Table 1  Summary of the datas-
ets used in the experiments
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For clarity, we use the term “algorithm” to denote different GP approaches, spe-
cifically GSGP and SLIM, while “method” refers to the different variants in the same 
group when examined together with statistical tests, where a variant is a combination 
of algorithm, cellular structure, and exploration pipeline. Our Python implementa-
tion, cslim, is openly accessible online.1

5  Results and discussion

In this section, we show the results of our experimental phase and discuss the main 
outcomes.

5.1  Statistical analysis and convergence rates

We start our experimental analysis by investigating the influence of different cellular 
structures and genetic operators on the performance of a given semantic EA, mea-
sured in terms of RMSE and log10(ℓ).

We recall that the term T 0 refers to the non-cellular standard version, while T 2
2  

and T 2
3  indicate, respectively, cellular methods with radius 2 and 3. Moreover, we 

use Ecx to denote methods that only perform crossover, Emut for methods that only 
perform mutation, and Ecx,mut for methods performing both crossover and mutation 
in a mutually exclusive way for each individual.

This first analysis focused on comparing the different variants by inspecting three 
analysis dimensions: the algorithm, the cellular structure, and the exploration pipe-
line. Given the k-th dimension, we fix the other two dimensions and we compare the 
different variants obtained by varying the k-th dimension by using statistical tests. We 
perform this step for each of the three analysis dimensions.

Statistical comparisons are executed by using the Wilcoxon-Mann–Whitney 
test [98] with α = 0.05. When multiple variants are compared, p-values are adjusted 
by the Holm-Bonferroni correction  [99] (these tests are performed after assessing 
whether a preliminary multi-group Kruskal-Wallis test [100] is passed). In the fol-
lowing tables (Tables 2, 3 and 4), for each dataset and variants group, the eventual 
statistically superior variant among the compared ones is marked with an asterisk (*), 
and the one with lowest median value is indicated in bold. Additionally, variants that 
outperform at least another variant in the same group according to the pair-wise test 
are marked with a plus (+).

In the subsequent tables, we present the results related to the most meaningful 
variants and configurations. The complete versions of these tables including all the 
possible comparisons are available in the Appendix section (Sect. 7).

We further analyze performance and size by presenting the median test fitness evo-
lution of the best individual over 30 runs in Fig. 6 and the median size evolution of 
the best individual in Fig. 7. Since the trends are similar across datasets, we decided 
to aggregate the results from all the datasets to enhance readability. We show the 
trends separately for each dataset in the Appendix section (Sect. 7).

1 https://github.com/lurovi/cslim.
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Table 2 reports the median performance and size aggregated over the algorithms 
(focusing on Ecx,mut pipeline), allowing us to study the influence of the cellular struc-
ture on both metrics.

For GP, which we recall is tested only with the Ecx,mut pipeline, better perfor-
mance is generally obtained without a cellular structure, while the presence of the 
grid helps to reduce the size of the solutions.

Regarding GSGP, results with the Ecx pipeline are always poor (this result is only 
shown in the full Appendix table). In pipelines where mutation is present (alone or 
in combination with crossover), larger neighborhoods improve performance, while 
smaller neighborhoods are preferred for controlling solution size. The same behav-
ior holds for all SLIM variants. This is expected: increasing the radius enlarges the 
portion of the population contributing to variation, allowing individuals to combine 
more diverse components. As a result, models grow faster, since semantic opera-
tors introduce larger modifications, often leading to more accurate but less compact 
solutions.

If mutation is the only operator employed, the non-cellular variants always lead to 
smaller models (this result is only shown in the full Appendix table).

Table  3 focuses on algorithmic comparisons. We begin with solution size. In 
pipelines where GP is present (Ecx,mut), it produces smaller models than all other 
methods. However, while the gap with GSGP is at least one order of magnitude in 
log10(ℓ) (regardless of the topology), all SLIM variants achieve much more com-
petitive sizes. When crossover is removed (Emut pipeline), and GP is no longer pres-
ent, SLIM consistently outperforms GSGP in model size, regardless of the cellular 
configuration. Among the SLIM variants, SLIM+

SIG1 generally produces the small-
est individuals. This aligns with the underlying operator design: this variant applies 
mutation using only one individual, generating smaller offspring.

Turning to performance, GSGP usually achieves the best results, with SLIM+
ABS 

performing comparably in some cases. The lowest accuracy is typically observed 
with GP.

Table 4 compares pipelines. As previously noted, GSGP with crossover only (Ecx) 
performs worst across all datasets and topologies. This is consistent with theoretical 
findings: geometric crossover has limited exploratory power, as it cannot produce 
individuals outside the convex hull of the current population [87, 88]. If the global 
optimum lies outside this region, the search becomes trapped in local optima–a 
behavior clearly visible in Fig. 6–while solutions are smaller than those produced by 
the Emut pipeline. This is expected: mutation in GSGP adds terms and causes expo-
nential growth. The models in Ecx are smaller than those in Ecx,mut, but only because 
crossover alone gets stuck early.

In this table, we omit the SLIM algorithms since the comparison between Ecx,mut 
and Emut, given the SLIM algorithm and the cellular topology, always leads to 
Ecx,mut being able to outperform Emut as regards both error and size (this result is 
only shown in the full Appendix table).

For GSGP, the best pipeline depends on the cellular structure. As the neighbor-
hood size increases, mutation-only pipelines tend to perform better, while crossover 
becomes less effective. This may be due to the broader range of individuals partici-
pating in variation, which reduces the need for crossover when the search already 
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spans distant regions of the grid. Moreover, with a larger neighborhood, crossover 
may involve more diverse individuals, increasing its disruptive potential and possibly 
leading to the loss of useful patterns.

Interestingly, in all SLIM variants, the Ecx,mut pipeline outperforms others in both 
error and size, unlike in GSGP. This confirms the effectiveness of the proposed cross-
over operator in exchanging genetic material without compromising model com-
pactness, while also improving search. As shown in Fig. 6, the improvement from 
crossover appears early and persists throughout evolution.

Figure 6 also highlights that the effect of crossover is stronger in standard SLIM 
(without a grid), suggesting that structured populations reduce the marginal benefit of 
recombination. Additionally, the same figure shows that GP generally stops improv-
ing after a few epochs, apart from minor exceptions. This is not the case for GSGP 
and SLIM, particularly on datasets such as YCH and QSR (as shown in the Appendix 
section), reinforcing the impact of the geometric properties that differentiate them 
from standard GP.

Finally, Fig. 7 confirms that the trends observed for solution size in the tables hold 
consistently at each generation.

5.2  Diversity

Following the intuition of [7], we use Moran’s I to analyze diversity in cellular meth-
ods. In Fig. 8, we track the trend of I over generations, aggregating values from all 
datasets and repetitions (the plot showing the trend for each dataset separately is 
available in the Appendix section).

We recall that the term T 0 refers to the non-cellular standard version, while T 2
2  

and T 2
3  indicate, respectively, cellular methods with radius 2 and 3. Moreover, we 

use Ecx to denote methods that only perform crossover, Emut for methods that only 
perform mutation, and Ecx,mut for methods performing both crossover and mutation 
in a mutually exclusive way for each individual.

Given the consistency of results across pipelines, we direct our discussion toward 
the effects of algorithms and cellular structures. For GSGP and SLIM+, the grid 
preserves diversity in the early stages of evolution, slowing the spread of dominant 
individuals by confining them within local neighborhoods. Over time, these solutions 
propagate across the grid and I converges to zero.

This confirms that cellular methods outperform their non-cellular counterparts 
when semantic diversity is preserved for part of the search. Conversely, when I 
remains low throughout evolution, as in GP, the grid does not provide any benefit, 
since individuals remain randomly distributed.

The plots also show that, for GP, good and poor individuals are often placed close 
together, with no clear spatial organization. In contrast, for GSGP, dominant solu-
tions spread gradually, allowing the grid to maintain spatial clusters for longer and 
guide the search more effectively.

This behavior reflects the nature of the operators: additive transformations pre-
serve local patterns, while disruptive operators quickly erase them.

Additive transformations are genetic operators that modify individuals by adding 
new components to their structure using mathematical addition. In GP, these opera-
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tors (e.g., those used in GSGP and SLIM+) typically combine parent individuals in a 
way that preserves their core semantics and structural patterns, resulting in offspring 
that retain much of their parents’ behavior.

Disruptive operators, on the other hand, are genetic operators that produce off-
spring that are structurally or behaviorally very dissimilar from their parents. These 
operators, such as standard sub-tree crossover, often replace large parts of a parent 
solution, which can erase previously learned patterns and introduce significant varia-
tion–potentially both beneficial and detrimental–into the population.

In cellular structures, this balance between preserving diversity within neighbor-
hoods and controlling information diffusion is key to achieving better solutions.

5.3  Algorithms Pareto front

We summarize our main findings and provide a global comparison of all algorithms 
through Pareto fronts that highlight the trade-offs between model error and model 
size (Fig. 9).

We recall that the term T 0 refers to the non-cellular standard version, while T 2
2  

and T 2
3  indicate, respectively, cellular methods with radius 2 and 3. Moreover, we 

use Ecx to denote methods that only perform crossover, Emut for methods that only 
perform mutation, and Ecx,mut for methods performing both crossover and mutation 
in a mutually exclusive way for each individual.

To better visualize the behavior of the different methods – since some GSGP-
based variants exhibit higher errors that compress the other results – we also report 
a zoomed version in Fig. 10. Specifically, we removed from this plot the algorithms 
leading to the worst solutions, namely GSGP with the Ecx pipeline (regardless of 
the cellular structure), and the algorithms producing the largest individuals, namely 
GSGP with the Ecx,mut pipeline, where the presence of GSC causes exponential 
growth in solution size. We additionally removed the GP variants to enhance read-
ability (in the Appendix section, a zoomed version of the original plot can be found 
including also GP and crossover-only GSGP).

Results are aggregated across all datasets and repetitions for each algorithm and 
method.

The figure shows that, in terms of performance, two methods stand out: Emut-GSGP 
and Ecx,mut-SLIM+

ABS, with the latter also producing smaller models. Removing the 
grid in Ecx,mut-SLIM+

ABS results in smaller individuals, but at the expense of perfor-
mance. This behavior is commonly observed: the best results are often obtained in the 
presence of a grid, at the cost of an increase in model size.

Another consistent pattern is that all SLIM variants benefit from the addition of 
crossover in terms of performance, while the increase in size remains very limited. 
Thus, we can conclude that introducing crossover in SLIM is a good design choice.

As noted in the previous analysis, GP produces the smallest solutions and is the 
only algorithm for which the cellular variant results in smaller models than its non-
cellular counterpart–albeit with a reduction in performance. In general, SLIM+ 
achieves more accurate models when combined with a cellular structure.

These results highlight the trade-offs between error and model size when select-
ing a GP algorithm for SR. Typically, GSGP offers the best performance, while GP 
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ensures the highest interpretability. Cellular SLIM variants lie in between, providing 
varying levels of compromise between these two aspects.

As a general rule of thumb, cellular structures are worth employing when using 
algorithms based on non-disruptive operators, where new solutions remain similar to 
their parents.

Fig. 8  Trend of the Global Moran’s I calculated on the population

 

Fig. 7  Evolution of the size of the best individual across 30 runs

 

Fig. 6  Evolution of test fitness for the best individual across 30 runs
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5.4  Discussion

We now provide explicit answers to the research questions introduced at the begin-
ning of Sect. 4. 
RQ1	 How does the introduction of a cellular (toroidal) structure affect the per-
formance and size of evolved solutions in different GP algorithms? The impact of 
cellular structures depends strongly on the algorithm. For standard GP, the toroidal 
structure helps reduce solution size but slightly harms performance. In contrast, for 
semantic algorithms such as GSGP and SLIM, the grid generally improves predic-
tive performance, particularly when additive operators are used. This is due to the 
preservation of semantic diversity in early generations, as confirmed by the behavior 
of Moran’s I (Fig. 8). However, the introduction of a grid usually results in larger 
models.
RQ2	 How do different exploration pipelines (i.e., combinations of mutation and 

crossover) influence accuracy and model size, especially in semantic meth-
ods such as GSGP and SLIM? In GSGP, pipelines that rely only on cross-
over (Ecx) perform poorly, both in terms of accuracy and diversity, due to 
the limited exploratory power of geometric crossover. Pipelines based sole-

Fig. 9  Pareto fronts of the tested methods. Each Pareto front represents a set of non-dominated solu-
tions w.r.t. to both error and size. Each method is identified by the median across all datasets and rep-
etitions. RMSE is scaled in [0, 1] by using the maximum RMSE discovered among the best solutions 
from all the experiments
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ly on mutation (Emut) tend to yield the best performance, although they also 
lead to substantial growth in model size. Mixed pipelines (Ecx,mut) strike 
a balance but typically produce larger models than mutation-only variants. 
For SLIM, the proposed crossover operator proves highly effective: the 
Ecx,mut pipeline consistently outperforms mutation-only in both error and 
size, confirming that SLIM benefits significantly from recombination.

RQ3	 Which combinations of algorithm, exploration pipeline, and spatial 
structure achieve the best trade-off between accuracy and interpretability 
(measured by model size)? The best trade-off is achieved by SLIM+

ABS with 
the Ecx,mut pipeline and a toroidal grid of radius 2, which combines high 
predictive accuracy with competitive model size. In general, GP produces 
the most compact models. GSGP achieves the best accuracy, especially with 
the Emut pipeline, but suffers from exponential growth in model size. Cel-
lular SLIM variants provide several levels of trade-off.

RQ4	 To what extent do cellular structures promote semantic diversity during 
evolution, and how does this affect search dynamics? As shown by the evolution of 
Global Moran’s I (Fig. 8), cellular structures effectively maintain semantic diversity 
in the early stages of evolution in GSGP and SLIM+. The grid slows the diffusion 
of dominant solutions, encouraging parallel exploration in different regions of the 
search space. This effect is beneficial when operators are additive and preserve se-

Fig. 10  Zoomed version of Fig. 9
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mantic patterns. In contrast, when disruptive operators are used (e.g., in GP), the 
grid does not produce significant spatial organization, and spatial pattern quickly de-
cays. These observations confirm that spatial structures enhance search effectiveness 
mainly in the presence of smooth semantic variation.

6  Conclusion and future work

In this paper, we investigated the impact of incorporating CA-inspired spatial struc-
tures into three GP approaches: standard GP, GSGP, and SLIM. This work builds on 
our previous study that first introduced a cellular structure in SLIM [26], focusing 
solely on semantic mutation. Here, we extended that framework by incorporating 
semantic crossover and analyzing its interaction with spatial constraints.

Experiments on six symbolic regression problems show that cellular structures 
improve the search dynamics in GSGP and SLIM+ (the SLIM variant that employs 
additive mutation), particularly when genetic operators produce smooth, additive 
semantic changes. These improvements result in higher predictive performance and 
greater semantic diversity in the early stages of evolution. Conversely, when opera-
tors are more disruptive, such as standard crossover in GP, the benefit of the grid is 
limited, and spatial patterns are quickly lost.

The analysis based on Global Moran’s I confirms that structured populations are 
most effective when diversity is preserved within neighborhoods for a sufficient part 
of the search. This explains why the grid consistently improves performance in GSGP 
and SLIM+, while GP mainly benefits in terms of solution size reduction.

Overall, our results highlight different trade-offs that are valid across the examined 
methods: GP remains a good choice for producing compact models, GSGP provides 
the highest accuracy, and SLIM offers a flexible compromise between these two 
objectives. In particular, the proposed crossover operator for SLIM proved effective, 
improving performance with a very limited impact on model size.

Future work will extend this framework to other semantic GP variants, explore 
adaptive neighborhood schemes, and assess robustness under noisy or evolving data. 
Integrating multi-objective formulations may also offer further insights into balanc-
ing model size and accuracy within spatially structured semantic GP.

Appendix

In the Appendix section, we report the tables and plots containing the complete 
results of our experimental campaign (Figs. 11, 12, 13 and 14), (Tables 5, 6 and 7).
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Fig. 11  Evolution of test fitness for the best individual across 30 runs
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Fig. 12  Evolution of the size of the best individual across 30 runs
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Fig. 13  Trend of the Global Moran’s I calculated on the population
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Fig. 14  Zoomed version of Fig. 9
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