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Abstract Genetic Programming (GP) systems are composed of several core com-
ponents, such as solution representation, parent selection strategies, and variation
operators. While many GP systems exist, they are often tailored to specific prob-
lem domains. In cases where the existing systems do not generalize to novel tasks,
users must assemble new GP systems. This typically involves evaluating multiple
alternatives for each element of the algorithm, and if no suitable option exists for a
particular component, implementing a custom one from scratch. In this chapter, we
propose a theoretical framework for automating this design process. We introduce
Agentic GP, a framework in which multiple AI agents, specializing in different GP
components, collaborate to build GP systems from scratch based on user-defined re-
quirements. We first describe a general version of the framework applicable to any
class of AI agents, and then focus on how that framework can be instantiated us-
ing Large Language Model (LLM) agents. We also implemented a simple prototype
of the framework using an LLM agent designed to generate selection methods for
a given GP system. We evaluated this prototype using a tree-based GP system on
a suite of symbolic regression tasks. While it frequently generated selection meth-
ods that resulted in run-time errors, the valid methods it produced consistently per-
formed better than random selection but worse than established benchmark meth-
ods such as lexicase and tournament selection. This indicates the need for further
enhancements in this simple design of the agentic framework.
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1 Introduction

Genetic Programming (GP), a branch of evolutionary algorithms (EAs), evolves a
population of candidate solutions through biologically inspired processes to solve
a given problem. GP has demonstrated efficacy across a wide range of domains,
including program synthesis (Sobania et al., 2023), automated machine learning
(AutoML) (Banzhaf et al., 2024), and symbolic regression (La Cava et al., 2021).
One of GP’s core strengths is its adaptability, allowing GP systems to be customized
for specific problem domains. For example, GP evolves computer programs in pro-
gram synthesis, constructs machine learning pipelines in AutoML, and discovers
mathematical expressions in symbolic regression. However, this domain-specific
customization presents a tradeoff: while it enhances performance and domain align-
ment, it also diminishes generalizability. Consequently, the complexity of designing
tailored GP systems for novel tasks can be a barrier to entry. Automating the devel-
opment and configuration of GP systems offers a promising approach to mitigating
this tradeoff and improving accessibility.

Although many GP systems are tailored to specific problems, they typically share
a common set of core components (Eiben and Smith, 2015; Hernandez, 2023): so-
lution representation, selection strategies (including both parent and survival selec-
tion), variation operators, and a fitness function. Each of these components must be
carefully defined for the target problem, with the consideration that their interactions
can significantly influence the likelihood of achieving successful outcomes. For in-
stance, in program synthesis, the solution representation corresponds to executable
programs. While the high-level structure of this representation is understood, nu-
merous implementation paradigms exist, such as tree-based GP (Koza, 1992) and
linear GP (Brameier and Banzhaf, 2007). Once a representation is chosen, suitable
variation operators such as Uniform Mutation by Addition and Deletion (UMAD)
(Helmuth et al., 2018) must be developed to effectively explore the space of poten-
tial programs. Selection strategies are then used to identify high-performing solu-
tions based on their fitness. Among these, lexicase selection (Helmuth et al., 2014)
has emerged as one of the most effective parent selection techniques in the context
of program synthesis. After specifying all components, practitioners compose them
into a cohesive GP system, with the final step involving the configuration of hyper-
parameters at both the system (e.g., the population size) and component levels (e.g.,
the tournament size for tournament selection).

This overview of constructing a GP system for program synthesis highlights the
complexity in the associated design decisions. It also highlights the importance of
domain expertise in selecting and configuring system components identified through
the literature review (e.g., Sobania et al. (2023)). In the absence of such exper-
tise, the design process becomes more challenging mainly because of two fac-
tors (Yang, 2020; Bartz-Beielstein et al., 2014; Yang, 2014): (1) the selection of
suitable GP components and (2) the tuning of hyperparameters. Component selec-
tion is particularly difficult given the wide range of available alternatives and their
context-dependent performance characteristics. Specifically, a component that per-
forms well in one domain may not generalize effectively to another. For example,
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both lexicase and tournament selection are commonly used methods for parent se-
lection. Although lexicase often yields superior results in program synthesis, it has
demonstrated lower effectiveness than tournament selection in certain AutoML ap-
plications (Hernandez et al., 2025b). With respect to hyperparameter tuning, both
Karafotias et al. (2015) and Eiben and Smit (2011) present a conceptual framework
that delineates the relationships among various tuning strategies for EAs, along with
a comprehensive survey of existing techniques.

Ideally, a GP system should be implemented by an expert with comprehensive
knowledge of the target problem domain and the intricacies of GP methodologies.
However, attaining such expertise is increasingly difficult due to the vast and grow-
ing body of literature on these topics. Conversely, a practitioner lacking domain
knowledge or GP experience must navigate an exponentially large configuration
space, a challenge exacerbated by the high computational cost of fitness evaluations
and the absence of guarantees for converging to optimal solutions (Bartz-Beielstein
et al., 2014). The development of technologies capable of automating the construc-
tion of GP systems from scratch—by emulating the decision-making processes of
domain experts—would substantially alleviate these challenges and enhance the ac-
cessibility of GP. In this chapter, we propose a theoretical framework for automating
the construction of GP systems using Agentic AI.

2 Background

2.1 Genetic Programming Fundamental Building Blocks

As mentioned earlier, a given genetic programming (GP) system, irrespective of
the type of problems it attempts to solve, comprises certain fundamental building
blocks. We discuss each of those components briefly here.

1. Representation: It refers to the data structure that is used to represent a possible
solution to the problem. Multiple options exist in this area, including but not
limited to expression trees (Koza, 1992), a series of production rules used to
construct valid programs using a context-free grammar (Whigham, 1995), linear
sequences of datatype-specific instructions and constants (Spector et al., 2005).

2. Fitness Function: The quality or fitness of an individual during evolution is
given by a fitness function. For each test case used to evaluate a given program,
the error can be computed through multiple methods: error of 0 if the expected
output matches the individual program output and 1 otherwise, actual difference
(e.g., Levenshtein distance in the case of strings) between the expected output
and the program output, etc. The fitness of an individual can therefore be a vector
of these errors, or a single value aggregated (e.g., averaged) across all test cases.
Additionally, non-performance related metrics may also be computed by a fitness
function (e.g., size and runtime).
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3. Selection Method: In GP, the process of evolving solutions across generations
involves selecting high-performing individuals from the current population to
propagate into future generations. Typically, a subset of individuals is chosen to
form a pool of parents, which are then subjected to modification to generate the
next generation. This process is referred to as parent selection, and several strate-
gies are commonly used, including tournament selection (Brindle, 1980), fitness
sharing (Goldberg et al., 1987), and lexicase selection (Helmuth et al., 2014).
In some GP systems, an additional step known as survival selection is applied,
where the original population and the newly generated offspring are combined,
and only the most fit individuals are retained for the next generation. A well-
known example of this approach is the NSGA-II (Deb et al., 2002) algorithm,
which performs survival selection based on Pareto dominance, among other met-
rics.

4. Variation Operators: In order to introduce variation in the population, parents
are modified to produce the next generation of individuals. Parts of one parent can
be modified, in a set of methods called mutation operators, or parts of two parents
can be combined, in a process called crossover, to produce child individuals. In
case of tree-based GP, for example, mutation can involve adding or deleting a
node, whereas crossover can involve combining subtrees from two different trees
to produce a new tree.

2.2 Agentic Paradigm

Recent advancements in artificial intelligence (AI) and machine learning (ML) have
enabled the automation of increasingly complex tasks that traditionally required
human-level intelligence (Russell and Norvig, 2016). This progress is driving a
transformation in the workforce, with many organizations investing in tools de-
signed to replicate aspects of human labor (Argenti, 2025; Shavit et al., 2023; Shein,
2025). Among these technologies are AI agents. The concept of an “agent” is not
new and has already been discussed in the context of AI (Russell et al., 1995) in gen-
eral and Reinforcement Learning (Sutton et al., 1998) in particular, among many
other fields. In this work, however, we define AI agents more broadly as the sys-
tems that operate with a degree of autonomy to pursue goals defined by humans or
other agents within specified environments, often in collaboration with human users
(Shavit et al., 2023).

Expanding upon this concept, Agentic AI refers to a problem-solving framework
composed of a single or multiple AI agents, in which each agent manages a subtask
contributing to a broader objective. The internal architectures of these agents can
vary, incorporating supervised learning, reinforcement learning, or other ML tech-
niques. For example, Insa-Cabrera et al. (2011) utilized a Q-learning-based agent
to benchmark performance against human players. More recently, Large Language
Models (LLMs)—such as GPT-4 models (Achiam et al., 2023)—have sparked in-
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terest in their application as the computational backbone of AI agents (Luo et al.,
2025).

In this work, we adopt the multidimensional definition of ‘agency’ introduced by
Shavit et al. (2023) to inform the design of an Agentic AI to build GP systems—
referred to as the Agentic GP framework hereafter. This framework starts by pro-
cessing a user’s specification as input and autonomously constructs a GP system
tailored to the given task. The framework comprises multiple AI agents that col-
laborate in the construction and execution of the GP system, collectively working
toward a viable solution. The multidimensional definition of agency is central to our
approach, as it enables a nuanced representation of agentic behavior that a binary
classification (agentic vs. non-agentic) cannot adequately capture. In the following
sections, we describe the four dimensions of agency defined by Shavit et al. (2023)
and detail how each dimension informs both the overall framework and the behavior
of the individual AI agents within it.

2.2.1 Goal Complexity

Broadly speaking, this dimension captures the level of difficulty humans would
face in solving a given problem. That difficulty would inform the breadth of goals
that a system would potentially be required to achieve. Developing GP systems
from scratch is a non-trivial task, comparable in complexity to challenges found
within the CASH (Combined Algorithm Selection and Hyperparameter optimiza-
tion) problem domain. Ideally, a team of experts would collaborate to explore vari-
ous GP configurations, with each expert contributing specialized knowledge related
to specific aspects of the GP development process. However, identifying and as-
sembling such a group of experts is itself a challenging endeavor, underscoring the
complexity of the problem that the Agentic GP framework aims to address. The
overarching objective of the framework is to autonomously generate GP systems in
response to user-defined tasks, with the assumption that it can adapt to any problem
domain. Within this framework, individual AI agents are responsible for solving
distinct subproblems commonly encountered in the design of GP systems.

2.2.2 Environmental Complexity

This dimension captures the complexity of the environment in which a framework
must operate to address a given problem. The Agentic GP framework is designed
to function in such complex environments, as evidenced by the diversity of prob-
lems it addresses and the variety of tools it employs. Each user request typically
specifies a particular problem type or instance, inherently tied to a domain-specific
context. Moreover, the tools integrated within a GP system often span multiple disci-
plines and may require the incorporation of cross-domain knowledge. For instance,
a geneticist developing a GP system for epistasis detection would integrate domain-
specific expertise from genetics alongside machine learning techniques (Hernandez
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et al., 2025a). Ideally, the Agentic GP framework would leverage existing knowl-
edge on a wide range of topics to deal with any kind of problem.

2.2.3 Adaptability

This dimension assesses the framework’s ability to handle new or unforeseen sce-
narios. Specifically, we interpret this as the case in which the Agentic GP frame-
work is confronted with a problem for which no prior guidance or domain-specific
knowledge is available. Such open-ended problems are well-suited for GP, as its in-
herent flexibility permits an initial exploration using a minimalist setup. Although
no predefined strategy exists, the Agentic GP framework should iteratively refine its
approach by analyzing results from previous runs. The GP literature offers numer-
ous strategies for enhancing performance, such as introducing alternative selection
mechanisms to promote population diversity or transitioning from single-objective
to multi-objective optimization. Nonetheless, if the system fails to make meaning-
ful progress, user intervention—such as providing additional heuristics or domain
hints—may be necessary to facilitate further improvement.

2.2.4 Independent Execution

This dimension assesses the ability of agents to operate autonomously, without re-
liance on external intervention. Under this criterion, the current framework does
not exhibit full autonomy, as it requires user-initiated prompts to initiate execution
and follows a predetermined flow of execution. However, the framework can itself
be embedded within a higher-level system that can refine it independently without
much input from the user. Within the Agentic GP framework, AI agents are not
active unless explicitly invoked; nonetheless, once initiated, these agents should ex-
hibit a degree of autonomy by operating independently and coordinating to construct
a GP system tailored to the given problem.

3 Agentic GP

The central idea behind employing Agentic AI in this chapter is to leverage a team
of specialized agents—each with expertise in a different aspect of the Genetic Pro-
gramming (GP) algorithm—to collaboratively design a GP system from scratch.
This multi-agent approach is hypothesized to yield more effective systems than
those constructed by a single, general-purpose agent. The inspiration comes partly
from how humans collaborate in teams to accomplish tasks (Specht and Crowston,
2022; Woolley et al., 2010). Imagine if a group of GP experts is given the task of
designing a GP system from scratch. Assuming there is a wide variety of expertise
in the group, there would be some experts who specialize in the solution represen-
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tation, some experts who are more experienced with selection algorithms, etc. Such
a collaborative effort is likely to result in a more robust and well-tuned GP system
than one designed by a single researcher (Surowiecki, 2005).

Given that an AI agent may have access to the internet and a large body of ex-
isting literature, it can potentially explore a broader range of options for each GP
component than a human designer. Therefore, a well-designed Agentic framework
enables the exploration and testing of a significantly larger number of more diverse
GP systems than would be feasible using human expert teams alone. However, the
effectiveness of the GP system ultimately depends on the domain knowledge and
expertise embedded by human designers or agentic AI developers during its con-
struction. There can be multiple frameworks for using AI agents to build GP sys-
tems from scratch for given domains. While designing any such framework, one
must determine the number of agents and the tasks they would be assigned to per-
form. A given goal—in this case, building a GP system—needs to be decomposed
into different tasks that different AI agents can work on. Based on how the overall
goal is decomposed, the framework might need more or fewer agents. For example,
while proposing an agentic framework, we can choose between having one agent
that specializes in variation operators or two agents specializing in mutation and
crossover operators, respectively.

Another issue to consider while designing a framework is what parts of the GP
algorithm we want to automatically generate. In the most expansive scenario, we
can have the agentic system generate all the components of the GP system. This
type of framework is especially useful when we are building a GP system for an
entirely new domain. In many situations, however, we may want to use an existing
GP system and optimize only a few components of the system. In these situations,
we can come up with a framework that generates one component at a time while
keeping the other components fixed. Such an approach is likely to be less complex
than trying to build all the components at once.

3.1 Proposed Agentic GP Framework

Figure 1 presents our proposal for a framework for building a complete GP sys-
tem from scratch. We first discuss various components of this framework and then
describe how they work together to build GP systems.

The whole framework is composed of two types of elements: Agents and static
programs (depicted as red and blue boxes, respectively, in the figure). Each agent
specializes in and is responsible for one part of the overall pipeline for building the
GP system. The process of developing a GP system proceeds in the following way.

Step 1 (User Prompt): The process begins with the user forming a detailed
prompt to be sent to the agentic AI framework. The prompt should include a de-
scription of the particular domain we are trying to build the GP system for, the
benchmark problems the synthesized system would be evaluated on, among other
things.
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Composer Domain ExpertUser Prompt 

Representation Selection Variation

   Evaluator Analyzer

Step 1

Step 2

Step 3

Fitness

Fig. 1 Agentic GP framework for using agents for building a given GP system. The red boxes rep-
resent agents, while the blue boxes contain code that remains unchanged throughout the procedure.

Step 2 (Composition): The prompt is then sent to an agent we term as the Com-
poser. This agent acts as a coordinator, responsible for delegating tasks to special-
ized agents, collecting their outputs, and integrating the results into a complete GP
system. The process is largely synchronous: the composer sends out specific instruc-
tions to each agent and waits for all responses before assembling the components
into the main GP loop. Drawing on the earlier analogy of human teams building GP
systems, the composer is analogous to a project lead who oversees development,
assigns responsibilities based on expertise, and ensures that the individual contribu-
tions form a valid GP system.

In Figure 1, we use four types of agents responsible for fundemental building
blocks of the GP algorithm: Representation, Selection, Variation, Fitness. While
assigning tasks to these agents, the Composer can also ‘consult’ with an agent we
term here as the Domain Expert. This agent is specialized to provide domain-specific
information to the Composer that can be passed to the agents working on different
parts of the GP system. For example, if the problem domain is symbolic regression,
the Domain Expert can recommend expression trees as the solution representation,
tournament or lexicase as the selection algorithm, etc. This recommendation can be
passed to the other agents as additional context. The agents working on building
components of GP get the relevant instructions from the Composer and return their
respective implementations to the Composer.

Step 3 (Evaluation): After assembling the outputs from different agents into
a fully functioning GP system, the next step involves running the GP system on
benchmark problems that are representative of the domain that the user mentioned in
their prompt. Because of the presence of inherent randomness in the GP algorithm,
the Evaluator agent should ideally attempt to solve every problem multiple times.
The performance of the returned GP system can be measured in multiple ways.
The simplest way is to count the number of benchmark problems correctly solved
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by the system within a given budget (maximum number of generations, maximum
number of evaluations, etc.). Another option is to calculate the success rate in terms
of the proportion of runs launched for a problem that resulted in a solution, and then
average this across the benchmark problems. Other options include looking at the
average number of generations it took the system to find a solution and the average
size of the solution programs. The next step is to collate all these performance data
and send it to the Analyzer agent. This agent analyses the results and sends out the
instructions to the Composer to improve the GP system on the performance metrics.
This whole process (Steps 2-3 in Figure 1) repeats for a certain number of iterations.
The final GP system so obtained is returned at the end.

Note that the above-mentioned framework is one such agentic framework. One
can add more agents to the framework, or even make some modules, such as the
Evaluator and Analysis modules, non-agentic.

3.2 Agentic GP for Piecewise Development

Composer Domain ExpertUser Prompt 

Selection

   Evaluator Analyzer

Step 1

Step 2

Step 3

GP System

Fig. 2 Framework for using Agentic AI for building parts of a given GP system. The example
shows the procedure for synthesizing a parent selection method for a given GP system.

Sometimes the user does not need to develop an entire GP system from scratch
and instead just wants to improve some parts of the system. Figure 2 shows one
possible framework for building a single component (a parent selection method) of
a GP system, provided all other components are already determined. The process
of building a GP component proceeds in a similar way to the one described in the
previous section. In the first step, the user forms a detailed prompt to be sent to the
agentic AI framework. The prompt, along with an already existing GP system, is
sent to the Composer. This agent, after ‘consulting’ with the Domain Expert agent,
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sends the detailed instruction to the Selection agent. The output from the Selection
agent is added to the given GP system, which is then run on the benchmark prob-
lems. The Analysis agent gets the performance data and form a summary with de-
tailed instruction to be sent to the Composer to improve the selection method. This
whole process (Steps 2-3 in Figure 2) repeats for a certain number of iterations, and
the final GP system is returned at the end.

4 LLM Agentic GP

In the previous section, we discussed a framework for Agentic GP that can use any
implementation of an agent. Here, we discuss the framework in the context of the
AI agents implementing LLM as the underlying mechanism.

4.1 Why LLM Agents?

In recent year, large language models (LLMs) have greatly improved in their capac-
ity to synthesize programs when given user intent in the natural language (Ramı́rez-
Rueda et al., 2024). Let’s take GPT-4 as an example. OpenAI’s GPT-4, along with its
more cost-efficient variant GPT-4o, builds upon earlier architectures by increasing
model scale to improve performance (OpenAI et al., 2024). GPT-4 has demonstrated
strong capabilities in program synthesis, solving 67% of tasks from the HumanEval
benchmark—a suite of 164 programming problems, each defined by a function sig-
nature, a natural language docstring, and associated unit tests. Furthermore, GPT-4
successfully solved 31 out of 41 problems categorized as easy on LeetCode (OpenAI
et al., 2024), a popular platform for algorithmic coding challenges used in competi-
tive programming and technical interviews.

LLMs agents can easily be made specialized by giving them access to existing
research papers or other knowledge bases (discussed in the next subsection). They
can even access internet to get the most up-to-date information on the subject. Addi-
tionally, LLM can inherently give reasoning for their actions, including the sources
they relied on for making the decision. This allows for a more ‘natural’ communica-
tion between agents: they can pass information using natural language that humans
can understand. It also makes it easier for humans to inspect the output in case the
framework does not work as expected.

Using LLMs also makes is easier for the user to specify their requirements in
the form of a prompt. For example, if the user wants to build a program synthesis
GP system, part of the prompt can be along the lines of “You are a Genetic Pro-
gramming (GP) expert. Can you build a GP system for program synthesis for the
following set of tasks? The system should accept a problem where the test cases are
in the form of input-output examples, and the system should attempt to evolve a pro-
gram written in a programming language. You can choose an appropriate solution
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representation, parent selection method, and variation operators.” Similar descrip-
tions can be formed for other domains, such as evolving quantum circuits (Spector
et al., 1999) and designing receive antennas (O’Neill, 2009).

4.2 LLM Specialization

In Figure 1, each LLM agent can specialize in one part of the overall pipeline for
building the GP system. Depending on the available time, compute, and other re-
sources, different levels of specialization can be introduced into the LLM agents.
We discuss three types of specializations in order of increasing complexity.

1. Prompt Engineering: Certain prompt engineering strategies can make a given
LLM more specialized. For example, one can give the instructions to the LLM
on how to process any prompt—called system-level instruction—in the form of a
role that the LLM should play. For our case, if we want an agent to specialize in
selection methods, the instruction can be, “You are a Genetic Programming (GP)
expert that specializes in Parent Selection Methods.” Such a tuning can improve
the performance of the LLM with respect to the task at hand (Zhang et al., 2024).

2. Retrieval-Augmented Generation (RAG): It is an architecture that improves
the performance of LLMs by allowing them to access external knowledge during
inference (Lewis et al., 2020). Specifically, the RAG module retrieves relevant
documents or their parts from a knowledge base and uses them as context for the
prompt to generate more informed and accurate responses. For our use case, we
can provide an LLM agent access to a corresponding RAG module. For example,
for the Representation agent, the RAG module would contain research papers and
books that deal with different types of solution representation in the GP literature.

3. Fine-tuning: One of the most computationally intensive process of making an
LLM agent more specialized would be to fine-tune the underlying LLM with the
code and documents relevant to the task as hand (e.g., variation operators). Fine-
tuning essentially involves retraining the final layers of the LLM with a smaller
and more focused dataset.

5 Prototype

As a proof of concept, we implemented a pared-down version of the framework
presented in Figure 2. Specifically, we do not use the Domain Expert module, and
the Composer, Evaluator, and Analyzer modules contain static code and therefore
are non-agents. The Selection module is not specialized and is a general-purpose
LLM agent. This implementation serves as a baseline for more sophisticated frame-
works in the future. We use symbolic regression as the problem domain, and try
to build a selection method for an existing GP implementation. Figure 3 shows the
implemented framework. The particulars of different components are as follows.
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Fig. 3 A simple Agentic system to build parent selection methods.

We select a very simple GP system called TinyGP1 and modify it for our ex-
periments. This system implements a tree-based GP system for symbolic regression
problems that allows for the following possible nodes: (a) ‘add’ (addition), ‘sub’
(subtraction), and ‘mul’(multiplication) as non-terminals, (b) ‘x’, -2, -1, 0, 1, and 2
as terminals. We adapt TinyGP by removing only the parent selection mechanism,
leaving the remaining components unchanged, to allow our agentic framework to
design the missing part. As benchmark problems, we consider two symbolic regres-
sion tasks: (a) x3 + x+2, and (b) x4 + x3 + x2 + x+1.

For the LLM agent, we chose Llama 3.1 model with 8 billion parameters. We
selected this model because, in addition to it being an open-source model from the
latest family of models by Meta, it has comparable or better performance than other
similar models2. To keep the terminology consistent and for the possibility of en-
hancements in the future, we will continue to refer to our system as an agentic
framework even though we use a simple LLM without any specialization.

5.1 Experimental Setup

LLMs can sometimes generate code that is syntactically incorrect or produce run-
time errors. Before experimenting with the selection methods generated by the
LLM, we first evaluated how reliably the LLM could produce usable code. To do
that, we prompted the LLM 100 times to generate selection methods for our GP
system. For each generated response, we tested it by integrating it with the GP sys-
tem and running the GP system on our benchmark problems, using a population
size of 10 and a maximum of 50 generations. The results are as follows. Out of 100
independent prompts, the LLM produced a valid selection method 43 times.

Furthermore, we compared the selection methods generated by our agentic
framework with existing selection methods. Specifically, we evaluated five exper-
imental conditions with an equal number of runs for all of them: the first three
correspond to widely used parent selection strategies—random selection, tourna-

1 https://github.com/moshesipper/tiny gp/
2 https://ai.meta.com/blog/meta-llama-3-1/
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ment selection, and lexicase selection—serving as baselines. The remaining two
conditions represent different configurations of our agentic framework, referred to
as AGP1 and AGP2, which are described in detail below.

When comparing the LLM-generated selection methods against baseline meth-
ods, we only use valid methods. To generate a valid method, we prompt the LLM a
maximum of 500 times until we get a valid function. If we do not get a valid function
at the end of 500 trials, we just use the function given at the 500th trial. For AGP1
and AGP2, we generate 10 and 20 valid methods, respectively, using the procedure
described above.

For the 10 valid selection methods obtained for AGP1, we launch 10 runs for each
of the generated methods, giving us a total of 100 runs. Similar to the AGP1 case,
for AGP2, we obtain 20 valid selection methods, and launch 5 run for each of them,
giving us a total of 100 runs. We compare AGP1 and AGP2 with three baseline
methods with 100 replicates each: random, tournament, and lexicase. For each of
the runs, we run the GP system with a population size of 100 for a maximum of 500
generations. To test for the significant differences in success rates under different
experimental conditions, we used the pairwise chi-square test with Holm correction
and a 0.05 significance level.

All software, data analysis code, and documentation related to the experiments
are provided as supplementary materials on our GitHub repository3.

5.2 Results

For each method, we calculate the success rate, defined as the number of runs out
of 100 that produced a solution to the problem. A solution is defined as a program
that leads to zero errors on all the test cases. We additionally report the average fit-
ness scores of the best individual per replicate (based on the total error) across all
100 runs for each of the methods. The results are given in Table 1. For both tasks,
tournament selection produced the largest number of successes, followed by lexi-
case. Importantly, both AGP1 and AGP2 significantly outperformed random selec-
tion (p < 10−2 in both tasks). However, their performance was significantly worse
than that of tournament and lexicase selection methods across both tasks (p < 10−6

for all comparisons).
Further analysis of the valid functions used in AGP1 and AGP2 reveals that most

of the returned functions implement Elitism Selection (i.e., select the individual
with the lowest total error), followed by Fitness-proportionate selection. Specifi-
cally, in AGP1, 9 selection methods implemented elitism, and one implemented
fitness-proportionate selection, and in AGP2, 18 selection methods implemented
elitism, and one implemented fitness-proportionate selection (more details in the
supplementary material). Note that even though all the valid functions used in the
final experiments implement either elitism or fitness-proportionate selection, the

3 https://github.com/theaksaini/GPTP-2025-Agentic-GP
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Table 1 Success rate (more is better) and average fitness values (less is better) across 100 runs for
each of the methods studied in this paper.

Exp. Condition Task 1 Task 2

Succ. Rate Avg. Fitness Succ. Rate Avg. Fitness

AGP1 46 968.34 10 327236680.81
AGP2 47 748.1 12 304286787.19
Random 20 868.69 0 28800072.03
Tournament 95 109.11 53 89986710.1
Lexicase 93 16.16 46 60494389.31

LLM might still be generating tournament or other selection methods, but those
generated methods might be syntactically incorrect or produce runtime errors and
hence were not included in the final experiments.

These results indicate that while LLMs are capable of generating valid selection
methods (albeit in less than 50% of attempts) and those valid methods can surpass
random selection, the reliability and quality of generation remain insufficient. Fur-
ther enhancements are needed to increase the frequency of valid outputs and to en-
able LLM-generated methods to match or exceed the performance of strong baseline
approaches such as tournament and lexicase selection. The future work can look into
making the LLMs more specialized using the strategies described in Section 4.2.

6 Conclusions

In this chapter, we presented a framework called Agentic GP for using Agentic AI to
develop GP systems composed of fundamental building blocks from scratch. Agen-
tic AI is composed of agents that plan and execute their actions but work towards
achieving goals set by human users, which may prove useful in developing special-
ized agents tasked with building complete GP systems. We first provided a general
framework that can be developed with any type of AI agents, and later provided de-
tailed instructions on how the framework can be actualized using LLM agents. As
a proof of concept, we implemented an Agentic GP framework to build selection
methods for a simple GP system. We found that just using an out-of-the-box LLM
produced syntactically incorrect code most of the time. Although the executable se-
lection methods performed better than random selection, they still performed worse
than tournament and lexicase selection methods. Consequently, more specialized
LLM agents are needed in Agentic GP to build effective GP systems.
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