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Curriculum learning (CL) consists in using a diverse set of user-provided test cases, with varying levels of
difficulty and organized in a suitable progression, for learning a policy. The quality of test cases is important
to allow optimization techniques as genetic programming (GP) to solve policy search problems. In this work,
we evaluate large language models (LLMs) as providers of test cases for GP-based policy search. We consider
two policy search tasks, a single-player and a multi-player game, and four LLMs differing in complexity and
specialization, which we prompt in order to generate suitable test cases for the two games. We experimentally
assess the intrinsic quality of LLM-generated test cases and their utility when inserted in a curriculum
consumed by a GP optimization. We evaluate the robustness of the approach with respect to the way cases
are scheduled in curricula and with respect to the policy representation, for which we use both graphs and
linear programs evolved by GP. We observe that the effectiveness of LLM-assisted CL depends on both the
choice of LLM and the design of the prompting and scheduling strategies. These findings highlight important
considerations for leveraging LLMs in automated curriculum design for GP-based optimization.
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1 Introduction
Due to its adaptability to a wide range of search spaces, genetic programming (GP) has emerged
as a versatile optimization technique [De Lorenzo et al., 2020]. Its successful applications span
diverse domains, including financial trading [Brabazon et al., 2020], civil engineering [Zhang et al.,
2021], and symbolic dynamical systems [Leporati et al., 2023; Nadizar and Pietropolli, 2023]. When
used with the proper solution representation, GP can be used to optimize programs which are
transparent, hence enabling interpretability [Nadizar et al., 2024c], and effective. Many recent
research works showed that GP is particularly capable of evolving programs which govern the
behavior of agents, i.e., policies, for control [Kelly et al., 2021; Marchetti et al., 2024; Nadizar et al.,
2024b] or video-game playing [Cofala et al., 2020; Custode and Iacca, 2022; Gold et al., 2023; Kelly
and Heywood, 2017a,b; Shichel et al., 2005; Wilson et al., 2018a].

In general, the success or failure of GP often depends on an appropriate ensemble of test cases to
guide optimization. Test cases need to broadly cover the domain of the problem, be relevant and
sufficiently challenging. Failing to meet these requirements would make GP search ineffectual,
leading to solutions which are not general or not good enough to solve problem instances of
realistic difficulty. Ideally, it would be beneficial to present test cases following an increasing level
of difficulty, such that the optimization always faces the proper level of challenge. Presenting test
cases to the learning or optimization algorithm with gradually increasing difficulty levels is called
curriculum learning (CL). CL aims at facilitating a smoother learning progression by emulating
the human learning process. It has been proven to be effective in different domains, including
robotics [Luo et al., 2020] and strategy games [Shao et al., 2018]. Nevertheless, manually creating
a curriculum is demanding and has a strong dependence on understanding the problem domain,
which can limit the curriculum flexibility and overall effectiveness. Even when incrementally
difficult test cases are available, it remains an open question as to how to schedule them—a bit
like deciding how to schedule the development of artificial agents [Nadizar et al., 2022]. How long
should a level of difficulty be used? Should mixed levels of difficulty be used? Should test cases
within a level be presented concurrently or is sequential presentation better?

We propose to address some of the aforementioned challenges by leveraging large language
models (LLMs), which serve not only as advanced tools for natural language processing
(NLP) content creation [Min et al., 2023; Saharia et al., 2022], but also as foundation models that
incorporate extensive knowledge across a wide range of domains. It could be possible to explain
a problem to a LLM without needing to manually detail each aspect and successfully task it to
provide incrementally more difficult test cases. This may depend on the competence of a specific
LLM and prompt engineering. It may require a prompt with in-context learning or even a series
of prompts. LLMs have recently attracted interest for their application potential across a wide
spectrum of fields, including GP and, more broadly, evolutionary computation (EC) [Hemberg
et al., 2024; Wu et al., 2024]. Notably, LLMs have proved effective in guiding the evolution of
computer programs [Lehman et al., 2024; Romera-Paredes et al., 2024], confirming their potential
to significantly impact GP development. The comprehensive domain knowledge embedded in
LLMs, derived from extensive training on diverse datasets, renders this instrument a powerful
generative model. For our purpose, LLMs can automatically generate test cases in much larger
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quantities than would be easily possible by hand, and without requiring the user to focus on low
level implementation details. Along this line, Zala et al. [2024] showed their capability at generating
adapting environments for reinforcement learning (RL) agents. An LLM-based approach may
also offer representational flexibility. An LLM can generate game configurations of different levels
of difficulty, which can serve as test cases for a game-agent evolved with GP. It could also generate
code to play as an opponent in a two-player game to provide feedback to a game-agent.

In this work, we leverage the power of LLMs to create progressively more difficult test cases for
a single-player game and a two-player game with game levels and generated opponent policies that
increase in complexity and playing ability. We schedule the test cases according to a curriculum and
present them to GP which searches for a policy for the game-agent. To assess our method, which
remains general and potentially applicable to a wide range of scenarios, we focus on the challenging
domain of games. We test our approach on two well-known games. Connect-4, a two-player board
game, provides a simpler, two-player setting for initial method evaluation. Test cases are presented
to Connect-4 in the form of opponent policies. The other game, Super Mario Bros, is a single-player
video game that is open-ended and progressively more challenging, offering a more comprehensive
proving ground for our method: here, test cases are presented as game levels. For both games, we
evolve game-agent policies with GP, but we resort to two different representations for the policies:
graphs and linear programs. Consequentially, we use cartesian genetic programming (CGP)
and linear genetic programming (LGP), two forms of graph-based genetic programming
(GGP). Because these games require different types of test cases, namely opponent policies for
Connect-4 and game levels for Super Mario Bros, they allow us to showcase the generality of our
method.

Our contribution is manifold: (1) we demonstrate the use of LLMs for generating progressively
more difficult test cases for optimizing game-agent policies through GP; (2) we investigate effective
scheduling methods for enhancing GP learning, evaluating the impact of CL; (3) we investigate
the effect that the policy representation has on GP search effectiveness when evolving on the
generated test cases; and (4) we compare LLMs of different complexity and specialization in their
ability to generate test cases. Our work provides a systematic evaluation of how different LLMs
and prompting strategies affect the quality and diversity of generated test cases for GP-based
policy search. We observe that the ability to control test case difficulty and the effectiveness of
prompting strategies differ substantially across LLMs. Furthermore, our experiments show that CL,
when driven by LLM-generated test cases, can lead to more robust solutions compared to training
exclusively on the most challenging instances, across multiple game scenarios. This work extends
[Jorgensen et al., 2024], where we presented the preliminary results of this study. We broaden the
analysis of the initial work by evaluating the robustness of the approach with respect to the variant
of GP, including both LGP and CGP, and to the specific LLM being employed. We also deepen the
analysis by providing more results and extended discussion.

We proceed as follows: Section 2 provides background on GGP, Connect-4, Super Mario Bros,
and LLMs. Section 2 also covers related work. Section 3 presents our method. Section 4.2 presents
experiments and evaluation. Section 5 concludes.

2 Background and Related Work
2.1 GGP
Although GP originated as a method for evolving computer programs represented internally as trees
[Koza, 1994], graph-based alternatives have gained significant traction over the years [Françoso
Dal Piccol Sotto et al., 2021]. In this work, we consider two GGP variants, LGP [Kantschik and
Banzhaf, 2002] and CGP [Miller and Thomson, 2000], which share a linear integer genotype and a
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phenotype interpretable as a directed acyclic graph (DAG). These approaches are discussed in
detail in Sections 2.1.1 and Section 2.1.2.

2.1.1 LGP. LGP is a variant of GGP where programs are represented as lists of instructions in
an assembly-like language which manipulate the content of a predefined set of registers [Brameier
and Banzhaf, 2007; Kantschik and Banzhaf, 2002].

In an LGP program each instruction is defined by specifying (1) the index of the register where the
result of the execution will be stored, (2) the function to execute from those available in the function
set � , and (3) the sequence of arguments to be passed to the function (81, . . . , 8<ar ), expressed in
terms of register indexes (<ar = 2 being the maximum arity for functions in our � ). To represent
a program of =lines lines, the genotype is expressed as a sequence of bounded integers of size
(2 +<ar)=lines. The bounds for register indexes are determined by the amount of available registers
=reg, whereas the ones for functions are derived by the size |� | of the function set.

At the start of the execution, the inputs of the program are copied into the first =in registers,
while the outputs are extracted from the last =out registers after the execution of the last instruction.
All other registers are initialized to 0 to avoid assignment issues.

2.1.2 CGP. CGP encodes programs as grids of nodes arranged in a Cartesian plane [Miller, 2020;
Miller and Thomson, 2000]. Each node represents a function, which can take as arguments either
the outputs of nodes from preceding layers or the inputs of the program. The final program outputs
are derived from the outputs of =out selected nodes.

In this work, we simplify the representation to a 1D grid, i.e., a sequence of nodes with a total
length of =nodes. Fully specifying a CGP graph thus requires: (1) =out indices to define the program
outputs, and (2) =nodes tuples (ℎ, 81, . . . , 8<ar ), where each tuple defines a node function and its
arguments. Here,<ar represents the maximum arity of the functions in the set � , which is 2 in
our case. Each tuple is constrained as follows: ℎ is an index limited by the size of � , and each
argument index can range from 0 to =in+ 9 −1, where 9 is the current node position in the sequence.
Consequently, the genotype of a CGP graph is represented as a sequence of bounded integers with
a total size of =out + (1 +<ar)=nodes.

2.1.3 Related Work on GGP. Various previous studies have utilized GGP for optimizing con-
trollers in various settings, mostly focusing on the interpretability of the resulting policies. Wilson
et al. [2018a] relied on mixed-type CGP for finding simple and well-performing policies for playing
the Atari games [Machado et al., 2018], while De La Torre et al. [2025] more recently leveraged a
multi-type extension of CGP [De La Torre et al., 2024] for the same task. Wilson et al. [2018b] also
proposed a positional variant of CGP where the position of nodes was subject to evolution, and
tested it on nine benchmark problems, including three control problems.

Videau et al. [2022] applied LGP, together with standard tree-based GP, for solving several
discrete and continuous control tasks. Similarly, Nadizar et al. [2024b] tested both LGP and CGP on
a set of continuous control tasks. Later, the same authors leveraged quality-diversity optimization
algorithms to obtain CGP policies differing both in terms of agent behavior and graph structure
[Nadizar et al., 2024a, 2025]. Kelly et al. [2023] have also tackled a continuous control problem with
LGP, exploiting its potential for evolving computer programs to find a robust control program for a
multi-legged robot.

Another noteworthy GGP representation is tangled program graphs (TPGs), which, while not
employed in this work, is closely related to our approaches. Kelly and Heywood [2017a] first utilized
TPGs to solve Atari games, even creating a single program capable of solving multiple games [Kelly
and Heywood, 2017b; Kelly et al., 2021]. More recently, Amaral et al. [2022] demonstrated the
potential of hybridizing TPGs with Symbiotic Bid-based GP for a continuous locomotion control
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task. Finally, Vacher et al. [2025] extended TPGs using multiple LGPs to address multi-action
continuous control tasks.

2.2 CL
Scaffolding is an element of curriculum design in human education. It is a structured approach
of teaching progressively more difficult material. It sequences content so that each lesson builds
upon the previous one. Starting with basic concepts, more sophisticated concepts are introduced as
a learner demonstrates readiness, often through successfully completing a formative assessment
(often a test). CL is a machine learning technical approach to model training that mimics scaffolding.
As such, it is based on the concept of “start small” and organizes the learning in a curriculum (i.e.,
a sequence of tasks) where the task difficulty is gradually increased [Wang et al., 2021]. It was first
introduced by Elman [1993] and then formally defined by Bengio et al. [2009].

Related Work on CL. Different studies confirmed that CL can provide performance improvements
over a standard training approach and accelerate the training process, without imposing additional
computational costs [Soviany et al., 2022]. Thanks to these advantages, CL has found widespread
application in multiple areas such as computer vision [Guo et al., 2018; Jiang et al., 2014], NLP
[Platanios et al., 2019; Tay et al., 2019], self-supervised learning [Murali et al., 2018], RL [Florensa
et al., 2017; Narvekar et al., 2017, 2020], and many more.

CL has also been effectively used for the progressive complexification of learning environments.
The paired open-ended trailblazer (POET) algorithm [Wang et al., 2019] exemplifies this by
autonomously generating increasingly complex environments while co-evolving agents to solve
them. POET generalizes CL by automating and diversifying the curriculum-building process, en-
abling open-ended discovery and robust skill acquisition beyond what fixed or linear curricula
can achieve. A related approach is presented by Milano and Nolfi [2021], which enhances evolu-
tionary training of embodied agents by integrating a CL mechanism that automatically selects
environmental conditions for evaluation. Their method outperforms standard training and yields
robust, adaptable solutions—similar to our findings. Building on the ideas behind POET, the recent
OMNI-EPIC framework [Faldor et al., 2024] uses large foundation models, such as advanced LLMs,
to autonomously generate novel environments and their associated reward functions as executable
code. OMNI-EPIC further automates and extends CL by leveraging LLMs to generate, select, and
sequence tasks based on agent progress, fostering continual and open-ended development of in-
creasingly complex behaviors. This aligns closely with our approach, where we also use LLMs to
generate diverse test cases as learning environments.

Another automated CL approach uses transfer learning. Weinshall et al. [2018] pre-train a
teacher model to estimate the difficulty of each training example, enabling a scheduler to sequence
the curriculum accordingly. Dynamic curricula can also be developed using “data parameters,”
where each data point or class is assigned a learnable weight that influences its impact during
training [Saxena et al., 2019]. These weights are updated alongside model parameters, automatically
prioritizing examples based on their learning value.

2.3 LLMs
LLMs are probabilistic models of natural language trained on vast datasets of text, usually for
general-purpose language generation [Zhao et al., 2023]. This makes them quite useful for NLP
tasks such as the summarization of articles [Liu et al., 2024], text classification [Chae and Davidson,
2023], or generation of fake reviews [Bartoli and Medvet, 2020]. These models are based on a neural
network architecture known as a transformer, introduced by Vaswani et al. [2017], which utilizes a
concept known as model “attention” to focus the model on the important parts of the input. The
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Fig. 1. Overview of the proposed method.

introduction of OpenAI’s GPT model series boosted the visibility of LLMs tremendously, especially
since their release of ChatGPT due to the free, simple-to-use interface for question answering
[Achiam et al., 2023; Brown et al., 2020].

To interact with an LLM, users generally provide a text query known as prompt. The prompt
conveys the context, meaning, and intention of the user to the LLM.The prompt is tokenized and fed
to the LLM which outputs a sequence of text, with the intention of generating the ideal completion
to the prompt. All LLMs have a finite amount of tokens they can accept as input and have no
memory of previous prompts unless aggregated into the new prompt. They also do not have a
guarantee of correctness for their answers and have been shown to sometimes return “hallucinated”
facts [Zhang et al., 2023].

Related Work on LLMs and GP. There is a growing body of work that integrates LLMs with GP
and, more in general, with EC [He et al., 2025; Wu et al., 2024]. Hemberg et al. [2024] identifies
several papers integrating LLMs with GP, including using LLMs to initialize the GP population,
employing them as mutation and crossover operators, and even utilizing LLMs to evaluate the
fitness of GP agents. To date, no GP work exists in enlisting an LLM for test case generation.

3 Method
Here, we provide an overview of our method (see Figure 1). First, we create a prompt detailing the
high-level specifications and, optionally, the target difficulty for the test cases we want to generate.
We then feed the prompt to the LLM to generate the requested test case. We optionally iterate
this procedure to generate multiple cases; modulating the specifications and/or the difficulty and
relying on the LLM stochasticity for achieving variety. We then schedule the generated test cases
into a curriculum, which we define as a sequence of pairs (〈)8 , 18〉)8 , where )8 = {C 9 } 9 is a set of
test cases and 18 is a computational budget. We optimize a GP agent according to a curriculum by
iterating over the sequence (〈)8 , 18〉)8 and for each 8 = 1, . . . , = we assess the population on )8 until
exhausting the budget 18 before proceeding to 8 + 1. If |)8 | > 1, we implement a scheduling strategy
(see Section 3.4) for exploiting all test cases in )8 . To adhere to the more classical notion of CL, we
group test cases according to their difficulty, i.e., each )8 is associated to a certain difficulty, and we
create sequences of increasing difficulties only.

We deploy our general method in two game environments—a single-player game and a two-
player game—and exploit LLMs to generate test cases for optimizing the policy of a game-agent
(i.e., a player) through GP. For the single-player game, the test cases constitute the game levels
whereas for the two-player game, they are the opponent player policies. We further detail our
approach in the following sections.

3.1 Game Environments
Connect-4. First, we consider Connect-4, a popular two-player board game that presents complex
decision-making challenges for an agent to solve and is characterized by the intrinsic difficulty
that each move influences the game outcome, which remains until the conclusion of the game
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[Dabas et al., 2022]. This game has been widely used as a benchmark for assessing the perfor-
mance of game-playing agents. A popular approach for creating effective Connect-4 policies is
RL [Ghory, 2004; Thill et al., 2012], although various other strategies have been adopted over
years [Schneider and Rosa, 2002; Sommerlund, 1996; Stenmark, 2005]. However, to the best of our
knowledge, GP has never been used to evolve policies for this task, except for a preliminary study
[Abdelsadek, n.d.].

Connect-4 is a two-player game on a 7 × 6 board. The first player (yellow) and the second player
(red) alternatively drop a piece into one of the columns, and the piece settles at the lowest available
space. The objective for each player is to align four pieces horizontally, vertically, or diagonally. The
game has a moderately complex state space, with around 4.5 × 1012 possible board configurations
[Edelkamp and Kissmann, 2008]. While other games, like chess or Go, provide a larger search space
[Allis, 1994], we selected Connect-4 as a reasonable middle ground between the complexity of the
task and ease of analysis. For this study, we use a simplified 6× 6 board to reduce the computational
burden of the experiments.

Super Mario Bros. For the single-player game, we consider Super Mario Bros, a classic video game
that was released by Nintendo in 1985. Thanks to its potentially high-dimensional input space,
tunable difficulty, and strategy requirements for achieving good scores, this video game has inspired
the creation of an RL benchmark [Togelius et al., 2009] along with several competitions based
upon it [Karakovskiy and Togelius, 2012]. This ignited researchers’ interest in developing agents
to solve the problem environment, yielding various contributions over the years [Togelius et al.,
2010, 2013]. Among them, two contributions have encompassed GP: Perez et al. [2011] relied on
grammatical evolution for optimizing policies in the form of behavior trees, whereas de Freitas
et al. [2018] utilized grammar-based GP to evolve the policy.

The game-play of Super Mario Bros involves navigating an agent—Mario—through different
levels (see Figure 2), overcoming obstacles such as blocks and pipes, and defeating or avoiding
enemies. We refer to each level as a test case in the following sections. A test case is considered
solved if the agent is able to fully traverse it from left to right. To this end, the agent can perform
zero or more actions at every game timestep among the following five (i.e., the action space has
25 elements): (1) move left, (2) move right, (3) move down, (4) jump, and (5) run (which only has
effect if combined with a move action). We rely on the game framework and simulator originally
developed for the MarioAI competition by Togelius et al. [2009] for our evaluation.

3.2 Policy Search with GP
For both considered games, we evolve a game-agent policy with GP. We represent policies as linear
programs or graphs, hence using the LGP and CGP as optimizers.

We call a policy the algorithm governing an agent immersed in an environment—which could
possibly include an opponent, as in the Connect-4 case. We assume that the agent-environment pair
evolves in discrete time: at each timestep, the agent takes an observation from the environment and
produces an action, which is then applied to the environment. In this work, we consider numerical
observation and action spaces: the policy is hence in general a function from R=in to R=out , where
=in and =out are respectively the dimensions of the observation and action spaces, i.e., the number
of inputs and outputs of the policy.

We express policies with graphs obtained with CGP or linear programs obtained with LGP. In
both cases, we encode the policies through int strings, i.e., we search a genotype space � ⊂ N?

and we map each genotype ) to a policy c using the standard LGP or CGP genotype-phenotype
mapping function (see Sections 2.1.1 and 2.1.2).
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Fig. 2. Sample of LLM-generated test cases for Super Mario Bros for each difficulty, with corresponding
prompts.

For evolving the policy, we use a mutation-only genetic algorithm (GA) with elitism, represented
in Algorithm 1. After having initialized the population of =pop individuals, we iteratively evolve
it for =gen generations. At each generation, we build an offspring of (1 − delite)=pop individuals
mutating parents chosen with tournament selection of size =tour. Finally, we build the population
for the next generation by merging the offspring and the delite=pop elite individuals of the current
population. When assessing the fitness of an individual, we use a fitness function 5 which operates
on the policy c and one or more test cases taken from the curriculum. We provide the details on
how we instantiate this evolutionary algorithm (EA) with specific parameters values in Section
4.1. We describe the specific fitness function used for the two games considered in this study in the
following sections.

Connect-4. For Connect-4, we evolve the policy to learn the optimal column for placing a piece on
the board. We make the evolving policy compete against one or more predefined opponent policies,
aiming for it to outplay them. At each timestep of the game, we query the policy for its decision,
providing as input the current state of the board and expecting the chosen column as output.
Therefore the observation consists of the current state of the board, encoded as an integer vector
of length =in = 36. We obtain the vector by flattening a matrix representation of the board, where
0 indicates an empty cell, 1 a piece placed by the agent, and −1 a piece placed by the opponent.
Regarding the agent’s actions, we consider the outputs from the final =out = 36 registers (the size of
the board) for LGP or from the =out = 36 output nodes for CGP. For determining the action, i.e., the
board column where to put the piece, we take the index of the largest value among outputs modulo
the number of columns (i.e., 6): intuitively, this corresponds to choosing the “hottest column” for
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Algorithm 1:The mutation-only GA used in this work which takes a fitness function 5 and returns
a policy c★. The EA uses as parameters the population size =pop, the number =gen of generations,
the relative size delite of the elite, the tournament size =tour, and the curriculum (〈)8 , 18〉)8 of cases.
The functions init() and mutate depends on the genotype space and the function map() represents
the representation. The function case() picks one or more test cases from the curriculum.

the policy. To measure the quality of a policy, we define a fitness measure based on the accumulated
rewards A obtained during the game, defined as the sum A =

∑=moves
8=1 A8 of partial rewards A8 , where

=moves is the number of moves performed before the game ends. We define the partial reward for
each move as follows. A winning move gives a positive reward of A8 = 10, while a losing move gives
a negative (A8 = −1) one. When there is no winner, aligning three or two pieces gives the agent a
reward of 0.6 and 0.3 respectively. Instead, when the opponent aligns three pieces the reward is
negative (A8 = −0.5). If the agent makes an illegal move (such as placing a piece in a column that
is already full) the game ends and it receives a negative reward (A8 = −10). In all other cases, the
reward is 0.

Super Mario Bros. For Super Mario Bros, we evolve the policy of an agent to navigate test cases.
We query the policy at every game timestep, providing it with a (lossy) encoding of the game
scenario and expecting it to output the actions to be taken. In the observation we encode the world
surrounding Mario as an integer vector to be fed to the GP agent as follows. First, we discretize
the world from pixel granularity to element granularity, where elements are blocks, pipes, and
enemies. Next, we reduce the observation size to consider only the 8 × 8 matrix centered around
the agent. We then encode blocks and pipes as 1, enemies as −1, and empty spaces as 0. Finally,
we flatten the integer matrix into a vector of length =in = 64. Concerning the actions to be taken,
we consider the output of the last =out = 5 registers for LGP or the =out output nodes for CGP. For
each of these outputs, if it exceeds a threshold of 0 we trigger the corresponding action. If two
contrasting actions are triggered, e.g., move left and move right, we delegate the conflict resolution
to the game simulator. To measure the quality of a policy, we consider the degree to which it is
able to solve a test case. Namely, we assign the traversed percentage, computed along the G-axis, of
the test case as fitness, which we aim to maximize.
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3.3 LLMs for Test Case Generation
Using an LLM to generate test cases presents distinct challenges for the two considered games, as it
needs to produce intrinsically different outputs. For Connect-4 a test case consists of an opponent
policy, whereas for Super Mario Bros it consists of a game a level.

3.3.1 Connect-4. To generate test cases, i.e., opponent policies, for the Connect-4 agent we use
ChatGPT-4 [Achiam et al., 2023], Llama-3.1-Instruct-8B, and Llama-3.1-Instruct-405B [Dubey et al.,
2024].These models share some fundamental similarities but differ significantly in their accessibility,
size, and operational characteristics. All three models are based on transformer architectures and
are instruction-tuned, optimizing them for following specific prompts and generating appropriate
responses. ChatGPT-4 is a proprietary model developed by OpenAI with limited access through API
or subscription services. It requires an Internet connection and operates on a pay-per-use model.
The exact size and architecture of ChatGPT-4 are not publicly disclosed, though it is believed to be
significantly larger than its predecessors. In contrast, the Llama-3.1-Instruct models (developed
by Meta) are open source models, allowing for much more flexible use and customization since
users have access to all aspects of the model. These models can also be downloaded for free and run
locally, so no Internet connection is required. Llama-3.1-Instruct-405B, with ≈405 × 109 parameters
and a context window of 128,000 tokens, is designed for complex and resource-intensive tasks,
whereas Llama-3.1-Instruct-8B, with ≈8 × 109 parameters, offers a lightweight alternative for less
demanding applications with lower computational requirements.

Before proceeding further into this discussion, it is important to clarify that existing policies
for training agents to play Connect-4 are available and relatively straightforward for developers
to implement. However, we aim to investigate whether an LLM like ChatGPT-4 and Llama-3.1-
Instruct can effectively generate opponents that enable a GP agent to learn and aim to compare
and contrast the opponents generated by the different LLMs. To generate effective opponents
of different difficulties, we began by communicating to the LLMs our requirement for diverse
opponent strategies in Connect-4.We instructed each LLM to generate opponents with progressively
increasing complexity, categorized as follows: (1) an easy (simple) opponent; (2) amedium opponent,
building upon the easy opponent; and (3) a difficult opponent, improving the medium opponent.

For the Llama-3.1-Instruct-405B model, we additionally requested an expert opponent, designed
to be more challenging than the difficult opponent. We chose to test this additive approach with the
405B model rather than the 8B model, as the greater complexity of 405B likely enables it to handle
more sophisticated requests. Conversely, we did not request an expert opponent from ChatGPT-4,
as there is no guarantee that the current version of ChatGPT-4 matches the version used to generate
the initial three opponents. The specifics of the prompting strategy are outlined and discussed in the
Appendix. We note that the LLM also provided the opponent policy implementation (in a specific
programming language, provided as input by the user). We then embedded the provided code
within our framework with minor post-processing needed to align them with the game simulation
interface. We remark that we did not ask the LLMs to produce opponent policies in the form of
LGP programs or CGP graphs.

To evaluate whether the generated opponent policies align with the intended difficulty levels, we
conducted a preliminary analysis involving several matchups: against a random player—one that
selects moves entirely at random, choosing a column for placing the piece without any strategic
consideration; against themselves; and against each other. We report the results in Figures 3–5.

More specifically, Figure 3 reports the percentage of games won by policies of different difficulty
levels, generated by various LLMs, against the random player. The 8B policies exhibit only a slight
progression in performance as difficulty increases, suggesting potential inconsistencies in the
expected difficulty progression for this model. In contrast, the 405B policies win nearly every game
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Fig. 3. Percentage of games won by policies generated by Llama-3.1-Instruct-8B (Llama-8B, in short), Llama-
3.1-Instruct-405B (Llama-405B, in short), and ChatGPT-4 (GPT-4, in short), against the random player.

Fig. 4. Win ratio for games played between policies of various difficulties generated by different LLMs. Each
heatmap corresponds to one combination of LLMs, reported as the G- and ~-labels. The more intense either
color (indicated in the legend below each map), the higher the win ratio for the policy generated by the
corresponding LLM; the more white the tile the more balanced is the comparison (with ties or with an equally
distributed win ratio among the considered policies).

against the random player. This highlights the overall strength of these policies but also indicates
that even the easiest 405B policies are highly challenging. Meanwhile, the ChatGPT-4 policies
demonstrate a clear and consistent progression in the number of wins as the generated policy
difficulty increases. However, they never reached the same performance level as the 405B policies,
suggesting that ChatGPT-4 policies might be overall simpler and less robust.

Figure 4 provides additional insight by presenting a heatmap of win ratios for games played
between policies of varying difficulty levels, generated by different LLMs. The left plot shows
that ChatGPT-4 policies exhibit a clear progression, with higher-difficulty policies consistently
achieving more wins against 8B policies. Notably, the GPT-4 difficult policy wins every single
game in this comparison. The middle plot compares policies generated by the 8B and 405B models,
revealing that the 405B policies dominate their 8B counterparts across all difficulty levels. These
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Fig. 5. Win ratio for games played between the easy, medium, difficult (and expert—only for Llama-405B)
policies generated by each of the considered LLMs.

results show the significant improvements in policy generation capabilities associated with the
larger model. The right plot highlights that 405B policies consistently outperform the ChatGPT-4
policies by a large margin. However, the win rate of the 405B policies decreases as the difficulty of
the ChatGPT-4 agent increases, indicating that the harder GPT-4 policies offer greater resistance.

Figure 5 shows the win ratios for games played between the easy, medium, difficult, and (for
405B) expert policies generated by each of the considered LLMs. For the 8B model, the results reveal
limited differentiation in policy performance across difficulty levels: the easy policy performs as
well as the medium and difficult policies, while the difficult policy consistently defeats the medium
one. In contrast, the Llama-405B model exhibits a clearer progression in difficulty: higher-difficulty
policies typically win more games in each pairwise matchup, with the exception of the medium vs.
difficult comparison, where both policies perform equally well. For ChatGPT-4, the easy policy
is consistently defeated by both the medium and difficult policies. In medium vs. difficult games,
most result in ties, with the medium policy wins slightly more of the remaining games.

These results demonstrate the complexities involved in generating game-playing policies with
distinct difficulty levels using language models. While ChatGPT-4 policies align more consistently
with the expected difficulty progression, they are overall less challenging than the 405B policies. In
contrast, the 405B policies exhibit greater difficulty but fail to differentiate sufficiently between the
medium and difficult levels. The inconsistent performance of the 8B policies further highlights the
importance of model size in generating effective and well-defined difficulty levels.

3.3.2 Super Mario Bros. For generating the test cases for Super Mario Bros we rely onMarioGPT
[Sudhakaran et al., 2024], a fine-tuned GPT2 model trained to generate tile-based game levels. The
main characteristic of MarioGPT is that it can be text-prompted for controlling the generation of
new game levels. However, unlike most off-the-shelf LLMs, MarioGPT only accepts prompts repre-
sented as combinations of specific features (“blocks,” “pipes,” and “enemies”) alongside quantitative
keywords (“no,” “little,” “some,” and “many”). Within the prompt it is also possible to specify the
level elevation—low or high—yet for simplicity we disregard that aspect in our evaluation. The
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generated test cases are reported to reflect the prompts with different accuracies for each element
[Sudhakaran et al., 2024], namely 92% for blocks, 68% for enemies, and 81% for pipes.

MarioGPT represents the generated levels, i.e., the test cases, as strings where each character
encodes for a particular game element, e.g., different types of enemies, blocks, and pipes. The test
case representation is compatible with the MarioAI simulator format, meaning that no intermediate
processing is needed. As reported by Sudhakaran et al. [2024], 88% of the generated test cases are
playable, i.e., there exists a path that allows its traversal. Before using a generated level within a
GP optimization we test its feasibility, as suggested by the authors of MarioGPT, by running Robin
Baumgarten’s A* agent [Togelius et al., 2009] on it. If it is not solvable, we repeat the generation,
decreasing the MarioGPT temperature parameter to reduce the stochasticity, until a playable level
is found.

Given the constrained nature of the prompts, we rely on four prompts that correspond to four
increasing difficulties. We consider:

(1) trivial test cases with “little blocks, no enemies, no pipes,” where the agent should learn the
basic game play;

(2) easy test cases with “little blocks, some enemies, no pipes” where the agent should learn to
deal with enemies;

(3) medium test cases with “little blocks, some enemies, some pipes,” where the agent should
learn to overcome taller and wider obstacles as the pipes in addition to dealing with enemies;
and

(4) difficult test cases with “many blocks, many enemies, many pipes,” where the agent should
learn to face a complex game scenario.

We report an example of test case for each difficulty in Figure 2. It is worth noting that the prompt-
test case correspondence is less than perfect, as sometimes the generation does not reflect the
request. We remark that for each difficulty we can generate a potentially infinite number of levels
with little to no human effort, simply by prompting MarioGPT and relying on its stochasticity.

Similar to Connect-4, Super Mario Bros presents an existing set of available test cases deriving
from both the original game and the MarioAI competition [Togelius et al., 2009]. However, given
our goal of relying on an LLM only for generating test cases, we neglect their existence in the
optimization phase and only employ them as validation cases.

3.4 Scheduling Test Cases
Given the LLM-generated test cases, an additional degree of freedom to explore is how to schedule
them in a curriculum to achieve successful policy search with GP. We explored several ways to
assemble test cases in curricula, which we describe below. We remark that we did not rely on LLMs
for building curricula.

Connect-4. For Connect-4, we have three LLM-generated opponents of increasing difficulty
for ChatGPT-4 and Llama-3.1-Instruct-8B, and four for Llama-3.1-Instruct-405B. Thus, a natural
approach is to organize them in a curriculum, (〈)8 , 18〉)8 , with 8 = 1, 2, 3 (and 4, for Llama-3.1-
Instruct-405B), where )1 = {C4 } includes only the easy opponent C4 , )2 = {C<} includes only the
medium opponent C< , )3 = {C3 } includes only the difficult opponent C3 , and )4 = {Cexp} includes
only the expert opponent Cexp.

The relative simplicity of Connect-4 (especially compared to our other case study, Super Mario
Bros) allows us to explore various curriculum variants by fixing the number =gen of generations for
the evolution of the GP population and distributing these generations across different opponents,
with each 18 indicating the percentage of generations consumed on the 8th opponent. For brevity,

ACM Transactions on Evolutionary Learning and Optimization, Vol. 6, No. 2, Article 14. Publication date: June 2026.



14:14 S. Jorgensen et al.

Fig. 6. Graphical representations of the considered curricula for Connect-4. The color represents the difficulty
of the opponent, the size of the rectangle represents its duration in the schedule. The left side of the figure
shows curriculum strategies involving three opponents (11-12-13) whereas the right side shows strategies
with four opponents (11-12-13-14).

we denote by 11-12-13-14 a curriculum (〈{C4 }, 11〉, 〈{C<}, 12〉, 〈{C3 }, 13〉, 〈{Cexp}, 14〉)—when 18 = 0,
the corresponding 8th pair is absent from the curriculum. For the LLMs with only three opponents,
14 is always set to zero. For Llama-3.1-Instruct-405B, we analyze the curriculum effect both using
only the first three opponents (to enable comparison with other LLMs) and in a separate experiment
that includes the expert opponent in the curriculum. We also use GP for evolving policies tested
solely against the difficult LLM-generated opponent, represented as 0-0-100 (or 0-0-0-100 for Llama-
3.1-Instruct-405B with the expert opponent), to evaluate the impact of the curriculum approach.
We show in Figure 6 the curricula implemented for Connect-4.

Super Mario Bros. Concerning Super Mario Bros, we consider test cases belonging to four dif-
ficulties. Therefore, as for Connect-4, we can also exploit CL by building curricula with levels of
increasing difficulty. We define three curricula, together with two baselines consisting only of the
last stage, i.e., of the most difficult one, )4.

The first two curricula consists of four increasing difficulties (〈)8 , 18〉)8 , with 8 = 1, . . . , 4. We recall
that for Super Mario Bros the LLM—MarioGPT—can generate a potentially infinite amount of test
cases per prompt, i.e., per difficulty, thanks to its intrinsic stochasticity. This enables us to consider
multiple (namely, =C , which we set to 3) test cases for each difficulty, i.e., ∀8, |)8 | = =C , naturally
fostering the generalization ability of the agent and accounting for the imperfect prompt-test case
matching of MarioGPT. We consider two approaches for dealing with multiple test cases of the
same difficulty: a parallel one, where we assess each agent on all the test cases C ∈ )8 and average
the performance across them (C-PAR), and a sequential one, where we test individuals on one
test case C ∈ )8 at a time, cyclically replacing it if we detect the stagnation of evolution for =stag
generations (C-SEQ).

Concerning the third curriculum—which we call C-GRAD—it builds on C-PAR with the difference
that the transitions between subsequent difficulties are made more gradual. Thus, it still consists
of four main difficulties )1,)2,)3,)4, yet the change between difficulty level is made by changing
only one test case at a time. In other words, we define intermediate levels of difficulty ) d

8
, where d

ACM Transactions on Evolutionary Learning and Optimization, Vol. 6, No. 2, Article 14. Publication date: June 2026.



Policy Search through Genetic Programming and LLM-assisted Curriculum Learning 14:15

Fig. 7. Graphical representations of curricula for Super Mario Bros. The color represents the difficulty of the
environment; each number = indicates the =th test case of a given difficulty. Stacked rectangles represent
parallel evaluations, whereas we use arrows (→) to indicate sequential skips between test cases.

indicates the ratio of test cases of the next difficulty level, 8 + 1, replacing those of difficulty 8 . We
consider d ∈ {0, 1/3, 2/3} for 8 ∈ {1, 2, 3} and d = 0 for 8 = 4, totaling 3 · 3 + 1 = 10 difficulty levels.
As a consequence, the computational budget is divided accordingly, and less time is spent on each
combination.

In summary, we consider the following curricula for the Super Mario Bros:

(1) C-PAR, a CL schedule (〈)8 , 18〉)8 , with 8 = 1, . . . , 4, 11 = · · · = 14 = 25, and parallel test case
evaluation at each )8 ;

(2) C-SEQ, a CL schedule (〈)8 , 18〉)8 , with 8 = 1, . . . , 4, 11 = · · · = 14 = 25, and sequential test case
evaluation at each )8 ;

(3) C-GRAD, a CL schedule (〈)9 , 1 9 〉) 9 , with )9 = )
d

8
, 8 = 1, . . . , 4, 11 = · · · = 110 = 10, d ∈

{0, 1/3, 2/3} for 8 ∈ {1, 2, 3} and d = 0 for 8 = 4, and parallel test case evaluation at each )9 ;
(4) D-PAR, the C-PAR version considering only )4, i.e., 11 = · · · = 13 = 0 and 14 = 100; and
(5) D-SEQ, the C-SEQ version considering only )4, i.e., 11 = · · · = 13 = 0 and 14 = 100.

For each of these, we equally divide the total computational budget among the stages of the
curriculum. See Figure 7 for a visual overview of these curricula.

4 Experiments and Results
We perform a thorough experimental evaluation to assess our proposed method, which we detail
in the following. In particular, we focus on addressing the following research questions:

RQ1 Can we exploit LLMs to generate test cases for doing policy search with GP? If so, is the
choice of the LLM affecting the final outcome?

RQ2 How can we best schedule the training process to leverage LLM-generated test cases effec-
tively? Is CL a viable strategy?
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RQ3 Are the results consistent across different GGP-representations?

We detail the experimental setup and procedure in the following sections.

4.1 Parameters and Procedure
For optimizing the policies, we rely on the mutation-only GA with elitism described in Section 3.2
(see Algorithm 1). We use a population of size =pop = 50 for Connect-4 and =pop = 100 for Super
Mario Bros for =gen generations. To determine =gen, we fix the total amount of fitness evaluations
=evals regardless of the curriculum employed: we set=evals = 5×103 for Connect-4 and=evals = 4×105
for Super Mario Bros. For the generation of each genotype in the population initialization phase,
we sample a uniform distribution over the allowed integer values for each position. We use an
elite of 0.1=pop, i.e., we set delite = 0.1 and a tournament size =tour = 3. As mutation, we use int-flip
mutation. For LGP, we assign a different mutation probability to the left-hand side of each program
line, i.e., the registers to be assigned, (?0 = 0.3), to the functions (? 5 = 0.1), and to the function
inputs (?8 = 0.1). For CGP, we assign a different mutation probability to the output nodes (?> = 0.3),
to the inputs of function nodes (?8 = 0.1), and to the functions (? 5 = 0.1).

Concerning the representations, we employ the LGP and CGP described in Sections 2.1.2 and
2.1.1. We consider the following function set for both representations � = {• + •, • − •, • × •, • ÷∗

•, | • |, exp •, sin •, cos •, log∗ •,
√
•∗, • < •, • > •, • < 0, • > 0}, where • represents an operand,

and operators marked with * are protected from undefined behavior. The last four functions are
Boolean functions, where the output is 1 if the condition is satisfied and 0 otherwise. For both
representations we add two constant inputs to each observation, namely {0.1, 1}. These constants
are treated like the agent regular observations and can contribute to the policy computation.
We set =reg = =in + =const + =out + 5 and =lines = 20 for LGP, which results in a genotype size of
|) | = (2 +<ar)=lines = (2 + 2)20 = 80. For CGP, we use a 1D grid representation with =nodes = 50,
yielding a genotype size of |) | = =out + (1 +<ar)=nodes = =out + (1 + 2)50 = =out + 150. This
corresponds to a total genotype size of |) | = 186 for Connect-4 and |) | = 155 for Super Mario Bros,
based on the respective values of =out.

Concerning the curricula, we consider the scenarios described in Section 3.4. For Connect-4,
we experiment with 10 budget allocation combinations across stages for three opponents (i.e., in
the form 11-12-13) and seven combinations for four opponents (in the form 11-12-13-14). For Super
Mario Bros, we set =C , i.e., the number of test cases per difficulty, to 3 as a reasonable tradeoff
between computational cost and test cases variability. As for the stagnation parameter for C-SEQ
and D-SEQ, we set =stag = 10.

After evolving the GP agents, we further measure their abilities by assessing them on test cases
not seen during evolution. For Connect-4, we test the agent using a strategy it has not been trained
against, i.e., the minimax with a search depth of three moves, a well-known approach that involves
predicting and negating the opponent’s moves for optimal play [Nasa et al., 2018]. For Super Mario
Bros we consider eight test cases (two for each difficulty) not seen during evolution generated by
MarioGPT along with 15 test cases extracted from the original Super Mario Bros game: we keep
the same 23 game levels for assessing all the evolved policies.

To obtain statistically significant results, we perform 30 independent runs of each configuration
for Connect-4 and 10 independent runs for Super Mario Bros. When comparing samples, we test
statistical significance with a Wilcoxon rank-sum test with equality as null hypothesis and U = 0.05.
We release our results and our code for allowing experiments reproducibility.1

1https://doi.org/10.5281/zenodo.17182432, https://doi.org/10.5281/zenodo.17141432.
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Fig. 8. Distribution of the generation for the first victory of the best GP agent against the difficult policy,
across 30 runs. The results refer to opponents generated by ChatGPT-4. On the left, we report the results
using LGP, on the right using CGP. Above each box, we show the number of runs which gave a policy able to
win against the difficult opponent: we highlight in bold the cases for which this number is greater than the
non-curriculum strategy (0-0-100). The variant with the fastest median convergence speed (lowest number
of generations for the first victory) is marked with a red asterisk (*); variants with statistically equivalent
convergence speed to the best one are marked with a black asterisk (*).

4.2 Results
4.2.1 Connect-4. To evaluate the effectiveness of opponents generated by the LLM, we first

assess the evolved policies’ ability to win a game. This analysis also aims to explore the impact of
the specific LLM used to generate the opponents, as well as the GGP variants adopted for the GP
agents. We present results from different LLM: ChatGPT-4 in Figure 8, Llama-3.1-Instruct-8B in
Figure 9, and Llama-3.1-Instruct-405B in Figure 10. In each figure, we show on the left the results
for policies evolved with LGP, on the right for the ones evolved with CGP.

Specifically, the plots report the earliest generation in which the best policy in the GP population
wins against the difficult opponent across 30 runs, using various curricula. This includes a baseline
where training occurs solely against the difficult opponent (0-0-100). Since curriculum-based
training involves playing against the difficult opponent only after some rounds against the easy
and/or medium opponents, we present the earliest generation in which the agent wins, starting
the count from its first encounter with the difficult policy: the lower, the more efficient the policy
search. This ensures a fair comparison across the different curricula. This analysis includes only
those runs where the best agent wins against the difficult policy within the evolutionary timeline.
The number of such runs is reported above each plot and is a coarser measure of the effectiveness
of the policy search process.

While the number of victories is the primary criterion for identifying the best agents, we are
also partially interested in the convergence speed—that is, how quickly an agent achieves its first
win. This information is summarized in the boxplots, which display the distribution of the earliest
winning generations. To assess the statistical significance of differences among variants (namely,
among their number of generations for the first victory), we perform pairwise Mann-Whitney U
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Fig. 9. Distribution of the generation for the first victory of the best GP agent against the difficult policy,
across 30 runs. The results refer to opponents generated by Llama-3.1-Instruct-8B. On the left, we report
the results using LGP, on the right using CGP. Above each box, we show the number of runs which gave
a policy able to win against the difficult opponent: we highlight in bold the cases for which this number is
greater than the non-curriculum strategy (0-0-100). The variant with the fastest median convergence speed
(lowest number of generations for the first victory) is marked with a red asterisk (*); variants with statistically
equivalent convergence speed to the best one are marked with a black asterisk (*).

tests with a significance level of U = 0.05. In the boxplots, the variant with the best median is marked
with a red asterisk (*), while a black asterisk (*) indicates variants whose performance distributions
are statistically equal to the best variant. Variants without any asterisk show statistically slower
convergence.

Comparison of LLMs. Regarding the results obtained with ChatGPT-4, Figure 8 confirms GP
capability to evolve effectively from LLM-generated opponents across various curricula, including
the case where a curriculum is not adopted, ensuring success against the difficult policy. Examining
the performance of different GGP representations, we observe that CGP policies consistently
outperform their LGP counterparts. Notably, the CGP representation enables agents to defeat
the difficult opponent consistently, regardless of the use of CL. This victory is achieved early in
the evolution, some generations after the first encounter with the difficult opponent. However,
training against easier opponents remains advantageous within some curricula, as it reduces the
time required to defeat the difficult policy compared to training exclusively against it. On the other
hand, LGP agents do not achieve consistent victory across all curricula, allowing us to investigate
the impact of CL strategies in more detail. Figure 8 shows that certain curricula improve the agent’s
learning efficiency and victory rate over difficult-only curriculum (0-0-100). Our findings suggest
that an initial session with a weaker opponent, followed by progression to a more challenging
one, is effective when kept brief. Excessively reducing training against the difficult opponent and
spending too many fitness evaluations against weaker opponents is counterproductive, as agents do
not engage enough with the difficult opponent to learn how to defeat it. Additionally, structuring
the curriculum to include interactions with the easy opponent proves more beneficial compared
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Fig. 10. Distribution of the generation for the first victory of the best GP agent against the difficult pol-
icy, across 30 runs. The results refer to opponents generated by Llama-3.1-Instruct-405B. On the left, we
report the results using LGP, on the right using CGP. We use bold for the G-labels relative to the curricula
differing in a statistically significant way from the non-curriculum strategy (0-0-100). The variant with the
fastest median convergence speed (lowest number of generations for the first victory) is marked with a red
asterisk (*).

to starting directly with a medium opponent. The plots further confirm that training with easier
opponents before encountering the difficult one allows agents to defeat the difficult opponent
earlier than the baseline (upon their first encounter).

Focusing on the Llama-3.1-Instruct-8B model (Figure 9), the behavior differs significantly from
previous results. In this case, policies evolved by GP—regardless of their representation or the
curricula used—consistently defeat the difficult opponent immediately after their first encounter
with it. This suggests that the LLM failed to generate truly challenging difficult opponents, aligning
with the findings of the preliminary analysis presented in Section 3. In fact, Figure 4 shows that the
difficult 8B opponent is consistently defeated by the difficult GPT-4 opponent and often also by the
medium GPT-4 opponent. This indicates that not only do LLMs generate different test cases when
prompted with a specific difficulty level, but also these test cases themselves vary intrinsically in
their level of challenge.

Finally, for the Llama-3.1-Instruct-405B model, we recall that the LLM was prompted to generate
also a more challenging opponent, referred to as the expert opponent. Therefore, we present two
separate analyses: the first focuses only on the easy, medium, and difficult opponents (Figure 10),
to allow for a direct comparison in the generation of opponents across different LLM, while the
second includes the expert opponent (Figure 11) to investigate how CL perform when additional
opponents are used. We recall that, since the expert opponent is more challenging to defeat, the
experiments in Figure 11 were conducted with a population of 100 individuals, compared to 50 used
in the other experiments. As in Figure 8, a key observation emerging from both Figures 10 and 11 is
that the GP representation plays a crucial role on agents performance. The best results are achieved
by CGP, which consistently outperforms its LGP counterpart. These plots also show that the GP
representation influences the effectiveness of CL in defeating the expert opponent. Interestingly,
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Fig. 11. Distribution of the generation for the first victory of the best GP agent against the expert policy,
across 30 runs. The results refer to opponents generated by Llama-3.1-Instruct-405B. On the left, we report
the results using LGP, on the right using CGP. Above each box, we show the number of runs which gave
a policy able to win against the difficult opponent: we highlight in bold the cases for which this number is
greater than the non-curriculum strategy (0-0-100). The variant with the fastest median convergence speed
(lowest number of generations for the first victory) is marked with a red asterisk (*); variants with statistically
equivalent convergence speed to the best one are marked with a black asterisk (*).

with LGP, policies evolved exclusively against the expert opponent (baseline) are more successful
in defeating it by the end of evolution. In contrast, with CGP, CL proves to be beneficial, leading to
better performance when it is used compared to when it is not.

Overall, GP agents evolved playing against GPT-4 opponents achieve a higher win rate against
its difficult opponent (Figure 8) compared to those trained against 405B (Figure 10). This difference
can be attributed to the different intrinsic difficulty of the opponents generated by the two LLMs.
As shown in Figure 4, opponents generated by 405B tend to be more challenging than those
produced by GPT-4. Additionally, Figure 3 reveals that all opponents (easy, medium, difficult, and
expert) generated by 405B exhibit similar and relatively high win percentages against the random
player. In contrast, GPT-4 shows a clear progression in difficulty, with increasing difficulty levels
corresponding to progressively higher win rates against the random player. This discrepancy also
explains the reduced effectiveness of CL in 405B compared to GPT-4. While 405B can generate
opponents of increasing difficulty (Figure 3), even its easiest opponents perform exceptionally well
against the random player. This limits the impact of CL, as agents lack the opportunity to begin
training against truly easy opponents.

Curricula Comparison. To investigate the learning progress of different curricula, we report in
Figure 12 the progression of the fitness of the best GP agent, for one random seed. We decided
to report results on an individual seed rather than aggregate values, as learning behavior shows
significant variation across seeds, and analyzing an individual case is more informative. The
analysis includes results for ChatGPT-4 and Llama-3.1-Instruct-405B models and for both GGP
representations. Results for the Llama-3.1-Instruct-8B model are omitted, as Figure 9 demonstrates
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Fig. 12. Fitness across generations for the best policy in a fixed run, using for ChatGPT-4 and Llama-3.1-
Instruct-405B each with both GGP representations.

that agents consistently win against difficult opponents upon their first encounter, making fitness
evolution uninformative in this context. For each category, we present the fitness progression
of the most successful curriculum and, as a baseline, include the performance of agents trained
exclusively against the difficult opponent. Interestingly, the most efficient curricula for a given
category are consistent across both GGP representations and LLM models used for opponent
generation. Specifically, for the easy-diff. category, the 10-0-90 curriculum is the most effective; for
the med.-diff. category, 0-10-90 performs best; and for the easy-med.-diff. category, 10-10-80 is the
most successful. For all the experiments, these curricula result in an equal or (more often) higher
proportion of winning agents compared to the baseline, indicating that it is beneficial to include
preliminary training against easier opponents, but only if it remains short.

Most seeds result in winning agents (except for the baseline in 405B with CGP), but the fitness
scores differ due to our definition of fitness, which rewards wins and penalizes for opponent
alignments. The baseline agent consistently exhibits equal or lower fitness compared to agents
trained with a CL strategy, suggesting that the baseline is less effective in defending against
opponent strategies. Regarding the results obtained with GPT-4, these results show an immediate
success of curriculum-trained agents against the easy and medium policies they are initially trained
on, despite oscillations due to the opponent’s stochasticity. Upon transitioning to the difficult
opponent, there is an initial drop in fitness; however, after a few generations, these agents almost
always adapt and return to winning, demonstrating rapid improvement to the increased challenge.
In contrast, the 405B results reveal that agents are not always able to defeat the easiest opponents.
This aligns with previous findings regarding the intrinsic difficulty of 405B opponents, where even
the easy ones present a significant challenge.

Finally, in Figure 13 we report a game played by a winning best ChatGPT-4 LGP agent (with
curriculum 10-0-90), tested against the three ChatGPT-4 policies used in this study. This game is
reported exclusively for this LLM and GP representation, as the results for other configurations
were very similar and do not provide additional insights. The goal here is simply to illustrate an
example of the policy in action.

Red pieces are the agent’s, yellow are the opponent’s. The evolved agent consistently wins,
illustrating its ability to adapt and win against various strategies. Figure 13 also offers a visual
representation of the increasing difficulty of different LLM-generated opponents. The first game
board shows a relatively straightforward win for our agent, reflecting an opponent designed to
teach basic moves. The medium opponent is more challenging, yet the agent wins as it is not
consistently blocked. The final game, against the difficult opponent, is the most interesting one as
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Fig. 13. Best LGP agent (in red) in the 10-0-90 configuration playing Connect-4 against different policies. We
decorate the boards by adding the move number on top of each piece.

it demonstrates the agent’s ability to develop a strategic approach by creating multiple paths to
victory.

We also test our method against the minimax strategy, known for its optimal play. In 10 games
each, both the baseline (0-0-100) and best curriculum (10-0-90) agent win 3 times. The results are not
surprising given that minimax is an advanced strategy compared to the ones used against the agent
during the training. We recall that our goal is to demonstrate the LLM effectiveness in creating test
cases and the potential advantages of scheduling them according to CL, not to develop an infallible
policy. Winning against minimax even a few times signals the potential of our approach.

Example of an LGP Policy. In Figure 14, we analyze the behavior of an LGP policy evolved against
the ChatGPT-4 difficult opponent using curriculum 10-0-90. This visualization aims to provide
insight into the decision-making process of the evolved policy and how algebraic expressions
support successful play.We report a board state—with input features ordered from top-left to bottom-
right—together with the symbolic policy evolved by the agent. Each instruction can contribute to
one or more output expressions, which represent scalar scores used to compute the probability of
selecting each column. Specifically, each output is assigned to a column based on the register index
modulo 6 (i.e., a register at index 9 contributes to column 9 mod 6). Each expression is highlighted
in the same color as the arrow above the corresponding column, visually linking it to the action it
influences.

The expressions reflect the behavior learned by the agent. For instance, column 2 is favored,
receiving a constant term (>31 = 1) and a logarithmic term (>25 = log( |821 |)), which is always positive
when the input 821 (a central cell) is occupied—either by the agent or the opponent. This reflects
a preference for central columns, which offer more opportunities to build winning alignments.
The expression >26 = 1 if 816 < 0 else 0 activates when the opponent occupies a specific side cell,
prompting the agent to block potential threats while contesting a favorable position. In column
5, the agent combines a stacking heuristic (825), rewarding positions where it has already placed
tokens, with 830, which checks whether the bottom-left cell is occupied—often by the opponent,
since the agent rarely plays in column 1. Overall, the policy integrates progress, defense, and board
awareness using simple yet effective symbolic patterns.

4.2.2 Super Mario Bros. For Super Mario Bros, we did not consider multiple LLMs, given that to
generate a well-formed level an off-the-shelf LLM would need to be fined tuned. Thus we disregard
the first research question for this scenario. Concerning the second and the third research questions,
we report various results in Figures 15 and 17, and Tables 1 and 2.

First, to evaluate whether the LLM-generated test cases are effective for evolving policies with
GP in Super Mario Bros, we examine the top two plots of Figure 15, where we show the progression
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Fig. 14. Representation of a sample Connect 4 game with the inputs to the policy highlighted (a), a sample
policy found by LGP shown in its original program form and as formulae (b), and a portion of the genotype
encoding it (c). The test board state in (a) is encoded in row-major order from top-left to bottom-right, using
+1 for the tokens of the agents (red), −1 for the ones of the opponent (yellow), and 0 for empty cells. Each
formula of the LGP policy in (b) is highlighted using the same color as the arrow above the corresponding
column in the board, indicating which expressions contribute to the score for that column (with column
index determined by instruction index modulo 6). Finally, the portion of the genotype ) relevant to one of the
outputs (>34) is shown in (c), along with the corresponding equation derivation process: from top to bottom,
the raw genotype ) , its inline interpretation, a subsequence of instructions, the formula for the output >34.
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Fig. 15. Progression and final distributions of the average completion fraction (averaged across =C = 3 test
cases) achieved collected by the best GP policy in the population at each iteration; median and inter-quartile
range across 10 independent runs. For C-PAR and C-SEQ (and C-GRAD) the vertical dashed (dotted) lines
indicate the change of difficulty in the curriculum; D-PAR and D-SEQ are always evaluated against difficult
test cases. We decorate pairs of distributions with the p-values resulting from pairwise Wilcoxon rank-sum
tests with equality as null hypothesis.

of the average test case completion (averaged across the =C = 3 considered test cases per difficulty)
achieved by the best individual in the population along fitness evaluations. For C-PAR, D-PAR,
and C-GRAD, the value reported corresponds to the fitness, whereas for C-SEQ and D-SEQ the
metrics are computed separately from the fitness, every 50 generations (i.e., every 5,000 fitness
evaluations). In fact, for the latter cases, the fitness is evaluated on a single test case per difficulty
at a time, switching in case of stagnation every =stag = 10 generations. However, this results in
an unstable fitness, which would make the plot noisy and unreadable. We decorate the plot with
vertical separators that indicate the points during evolution at which we change the difficulty for
the CL cases, C-PAR, C-SEQ, and C-GRAD.

From this plot we can gain several insights. First, we can confirm the occurrence of learning
for the parallel scheduling cases, C-PAR and D-PAR, and for the gradual scheduling C-GRAD,
as indicated by an increase in fitness over time for both GGP representations. Concerning the
sequential scheduling cases, instead, the lines for both C-SEQ and D-SEQ appear noisy and unstable,
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Table 1. Results of Statistical Tests (Pairwise Wilcoxon Rank-Sum Tests with Equality as Null Hypothesis)
for the Data Shown in Figure 17

LGP CGP

C-PAR C-SEQ C-GRAD D-PAR D-SEQ C-PAR C-SEQ C-GRAD D-PAR D-SEQ

Tr
iv
ia
l

C-PAR — ≈0 0.268 0.351 ≈0 — 0.002 0.124 0.041 ≈0
C-SEQ ≈0 — 0.003 0.003 0.832 0.002 — ≈0 0.178 0.594
C-GRAD 0.268 0.003 — 0.773 0.002 0.124 ≈0 — ≈0 ≈0
D-PAR 0.351 0.003 0.773 — 0.002 0.041 0.178 ≈0 — 0.066
D-SEQ ≈0 0.832 0.002 0.002 — ≈0 0.594 ≈0 0.066 —

Ea
sy

C-PAR — 0.155 0.177 0.402 0.018 — 0.002 0.166 0.415 0.004
C-SEQ 0.155 — 0.007 0.520 0.389 0.002 — ≈0 0.012 0.761
C-GRAD 0.177 0.007 — 0.038 ≈0 0.166 ≈0 — 0.036 ≈0
D-PAR 0.402 0.520 0.038 — 0.135 0.415 0.012 0.036 — 0.021
D-SEQ 0.018 0.389 ≈0 0.135 — 0.004 0.761 ≈0 0.021 —

M
ed

iu
m

C-PAR — ≈0 0.905 ≈0 ≈0 — ≈0 0.084 0.051 ≈0
C-SEQ ≈0 — ≈0 0.060 0.496 ≈0 — ≈0 0.011 0.074
C-GRAD 0.905 ≈0 — 0.002 ≈0 0.084 ≈0 — ≈0 ≈0
D-PAR ≈0 0.060 0.002 — 0.184 0.051 0.011 ≈0 — ≈0
D-SEQ ≈0 0.496 ≈0 0.184 — ≈0 0.074 ≈0 ≈0 —

D
iffi

cu
lt

C-PAR — 0.020 0.928 0.145 0.160 — 0.024 0.891 0.351 ≈0
C-SEQ 0.020 — 0.015 0.444 0.226 0.024 — 0.028 0.133 0.083
C-GRAD 0.928 0.015 — 0.100 0.156 0.891 0.028 — 0.315 ≈0
D-PAR 0.145 0.444 0.100 — 0.779 0.351 0.133 0.315 — 0.001
D-SEQ 0.160 0.226 0.156 0.779 — ≈0 0.083 ≈0 0.001 —

Statistically significant differences are highlighted in bold.

Table 2. Ranking of Each Curriculum on 15 Original Super Mario Bros Levels

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Sum

LG
P

C-PAR 2 1 2 1 1 3 1 1 1 3 3 1 3 1 1 27
C-SEQ 1 5 4 5 3 4 4 5 1 4 4 4 5 5 4 59
C-GRAD 4 3 1 1 5 1 1 3 4 1 2 1 2 2 4 37
D-PAR 3 2 3 3 3 2 4 2 3 2 1 4 1 3 2 39
D-SEQ 5 4 5 3 2 5 4 4 4 5 5 4 4 3 4 62

CG
P

C-PAR 3 3 2 2 2 2 2 2 4 2 2 2 1 3 4 37
C-SEQ 2 2 3 5 1 3 4 5 2 3 4 4 4 2 2 46
C-GRAD 1 1 1 1 5 1 1 3 1 1 1 1 3 1 1 23
D-PAR 4 4 4 3 2 4 4 1 4 4 3 2 2 4 4 51
D-SEQ 4 4 5 4 4 5 4 4 4 5 5 4 5 5 4 67

Rank 1 and 5 correspond to the best and worst performing cases, respectively. We assign the lower rank to both in case
of ties. Statistically significant differences are highlighted in bold.

without a neat growing trend, meaning that learning is hindered by this scheduling. This might hint
that the considered test cases for any difficulty are different enough from one another to promote
the survival and reproduction of different individuals, which tend to become “temporary specialists”
on any test case under exam, succumbing to others whenever the test case changes. Conversely,
relying on a parallel curriculum fosters the emergence of generalists that simultaneously gain
expertise on the features of every test case. Hence, based on this analysis, we can positively answer
RQ2 and conclude that LLM-generated test cases can be effectively employed for doing policy
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search with GP, given that an appropriate curriculum is chosen. Namely, scheduling the evaluation
on multiple test cases in parallel outperforms sequential scheduling.

Curricula Comparison. Another interesting analysis concerns the comparison between the
increasing-difficulties curricula—C-PAR, C-SEQ, and C-GRAD—and the difficult-only curricula.
Within the sequential scheduling, there seem to be only minor differences, as both C-SEQ and
D-SEQ lead to poor evolutionary performance. In fact, the only noticeable distinction between
curriculum-based and difficult-only runs is that curriculum-based sequential runs achieved higher
fitness on easier levels initially. However, this advantage dissipated when agents encountered more
difficult levels, with performance regressing to levels similar to those in the difficult-only runs.

Conversely, examining the parallel scheduling, the differences between C-PAR and D-PAR are
well-noticeable and worth discussing. Focusing on C-PAR, we notice the typical trend of CL: for
each considered difficulty there is learning, followed by a drop in performance at every change
of scenario. Remarkably, these drops are not total, i.e., the average test case completion does not
go to 0, meaning that some ability is retained, yet the performance naturally decreases because of
the newly introduced hurdles. However, there is an almost immediate growth thereafter, as the
population quickly learns to overcome the new obstacles.

Examining D-PAR, instead, its evolution appears slightly different for the two GGP representa-
tions, although in both cases there is actual learning occurring. In particular, for LGP we notice a
rather fast evolution at the beginning, which is followed by a plateau, meaning the population has
converged to some local optimum. Conversely, for CGP, we observe a continuous fitness increase,
indicating a population less prone to converging on local optima and more incline to continue
learning throughout the entire evolutionary optimization.

Concerning the gradual scheduling, C-GRAD, we note a behavior that is remarkably similar to
that of C-PAR, in that we observe learning intertwined by performance drops when the test cases
change. Interestingly, for LGP a more gradual scheduling does not seem particularly beneficial
with respect to C-PAR, whereas for CGP we note a starker difference in final performance between
C-PAR and C-GRAD, in favor of the second.

Thus, from these results, we can positively answer RQ2; CL has enabled evolution to escape
local optima and achieve a final better performance by gradually increasing test case difficulty. In
addition, for one of the two representations a more gradual CL approach has further boosted the
benefits offered by CL.

To further compare the results with different scheduling schemes, we also display the distribution
of the average completion fraction achieved by the best individual in the population at the end of
evolution in the two bottom plots of Figure 15. These results complement the previous analysis,
allowing us to also examine the statistical relevance of the observed differences. Namely, the
p-values confirm both the indistinguishable nature of C-SEQ and D-SEQ for both GGP representa-
tions, and the neat superiority of the parallel and gradual scheduling with respect to the sequential
one. However, the p-values resulting from the comparisons of C-PAR and D-PAR, C-PAR and
C-GRAD, and D-PAR and C-GRAD only highlight statistical significance for D-PAR vs. C-GRAD
for the LGP representation. Hence, in conclusion C-GRAD seems to be the best option, yet with
no widespread statistical relevance. We remark, though, that these results are obtained from 10
independent runs only, due to the high computational costs (each run takes roughly 24 h on a
Xeon-p8 48 core machine), and the results could possibly gain statistical significance with more
executions.

GGP Representation Comparison. Moving to our third research question, we analyze the plots of
Figure 15 under a new light, focusing on the differences among GGP representations. As already
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anticipated above, the main differences are visible for the parallel and gradual schedules, while
both representations achieve similar results within the sequential schedules.

The first noticeable difference regards the behavior on D-PAR, where CGP surprisingly achieved
a higher average fitness compared to C-PAR. This suggests that exposing agents to challenging
environments from the outset may, in some cases, lead to superior performance.

Second, focusing more on C-PAR and C-GRAD, we can note that while CGP policies generally
outperformed their LGP counterparts in the intermediate stages of the curriculum, this did not hold
at the highest difficulty level, i.e., at the end of evolution. This indicates that the CGP evolutions
may be more sensitive to extreme difficulty spikes than the LGP ones.

In summary, our comparative analysis of the representations revealed some inconsistencies in
performance during the evolutionary process. However, these differences tended to diminish by
the end of optimization, as shown in the lower plots of Figure 15. While we did not formally test
for statistical significance, the observed trends suggest that despite potential differences in search
dynamics between the two representations, both approaches tend to converge to similarly strong
results when given sufficient computational resources. Therefore, we can tentatively answer RQ3
in the affirmative, as the outcomes appear broadly consistent across representations.

Example of a CGP Policy. In Figure 16, we analyze a policy obtained with CGP to play Super
Mario. This visualization provides insight into the structure and rationale of the evolved policy by
linking its graph-based genotype to its symbolic behavior in a specific test case. At the top, we show
a sample environment frame, with the inputs to the agent highlighted. These inputs correspond
to local tiles surrounding the position of Mario and encode information such as nearby obstacles,
enemies, and open paths. The center of the figure presents the evolved policy in its native CGP
representation as a DAG, and the same policy is also shown in symbolic form below. A portion of
the genotype ) contributing to the selected output (e.g., the “run” action >A ) is highlighted, and we
show how the graph and symbolic expression are derived from the integer-based genotype through
a decoding process. In this example, the policy always favors moving right, as the exponential term
in >→ ensures it is consistently greater than zero. This is coherent with the game as the progress in
Super Mario is primarily achieved by advancing to the right. The agent also includes a condition
that activates the jump action (>↑) when there is an obstacle directly ahead, suggesting the learned
behavior of avoiding gaps or enemies. Furthermore, the down action (>↓) is triggered when a tile
above is occupied, allowing the agent to drop down if blocked from above. The expression for
the “run” output is given by >A =

81
845−837 , where 81 corresponds to the upper-left tile, 845 to the

bottom-left, and 837 to the bottom-right of Mario’s position. This expression encourages running
when the upper-left tile is occupied—e.g., Mario is under a ceiling or platform. In this configuration,
moving forward is generally safe and efficient.

Generalization. Proceeding to the generalization results, we display the distribution of the
performance obtained by the best evolved individuals on the eight new LLM-generated test cases,
grouped by difficulty (see the titles of the plots) and by representation (see the label on the right
side of the rightmost plots), in Figure 17; we report the results of statistical tests in Table 1. Testing
the evolved policies on unseen test cases is fundamental to assess if they overfit or they actually
learned the game play.

We analyze the results starting with the sequential scheduling. Across both GGP representations,
we observe no significant differences between C-SEQ and D-SEQ (see Table 1), as already noted
for the results during and at the end of evolution. In addition, we can note that both C-SEQ and
D-SEQ are generally the worst performing scenarios compared to C-PAR, C-GRAD, and D-PAR,
with significantly worse results in 36/48 cases. Thus, we can further confirm the inferiority of the
sequential scheduling.
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Fig. 16. Representation of a sample Super Mario Bros test case (i.e., environment) with the inputs to the
policy highlighted (a), a sample policy found by CGP shown in its original graph form and as formulae (b),
and a portion of the genotype encoding it (c). In the graph in (a) and (b), input nodes are shown with rounded
angles on the right; and output nodes with rounded angles on the left; for inner nodes with arity 2, the
second input is marked with full arrow heads −−É; for all inner nodes, the first input is marked with empty
arrow heads −−⊲. In figure (c), we show how a portion of the genotype ) is mapped to the portion of the
graph relative to the fifth output >5, i.e., the run action >A : in the top row there is the raw genotype ) , in the
second row its interpretation with the conversion from integers to pointers (the first 8 × 8 = 64 integers refer
to inputs, then there are two constants, after that all integers refer to nodes), in the third row there is the
corresponding portion of the graph policy, and finally in the bottom row the corresponding equation for >A .
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Fig. 17. Distribution of the completion fraction achieved by the 40 best LGP and CGP policies (10 seeds, 4
curricula) on 8 new LLM-generated test cases per difficulty. The statistical analysis of this data is reported in
Table 1.

Restricting our analysis to the remaining scenarios, i.e., C-PAR, C-GRAD, and D-PAR, we examine
the results starting with the trivial and easy test cases. In these cases the best performing scheduling
appears to be C-GRAD—the results are statistically significant for CGP only on the trivial difficulty,
and for both representations on the easy difficulty. In addition, for CGP on trivial levels, C-PAR is
statistically superior to D-PAR, which further stresses the importance of leveraging CL, especially
within this representation. However, for all remaining scenarios, D-PAR is comparable to the
considered CL strategies, aligning with previous CL works [Gabor et al., 2019; Wang et al., 2019],
which show that agents that focus on harder tasks only are still able to obtain performance benefits
when evaluated on easier versions of the task.

Moving to medium difficulty, we confirm again the importance of CL, as C-GRAD significantly
surpasses C-PAR on both representations, with C-PAR also significantly outperforming D-PAR for
LGP. These small differences among representations corroborate our previous finding with respect
to the different search dynamics of the two representations.

Last, for difficult test cases we note no statistical differences for either GGP representation. In
this scenario, it is expected that all policies behave reasonably well, as they have all encountered
these types of test cases in training.

To conclude our analysis, we show the evolved policies performance on the preexisting test
cases in Table 2. Namely, we report the rank achieved, in median, by the best individual evolved
according to each curriculum—C-PAR, C-SEQ, C-GRAD, D-PAR, and D-SEQ—for each test case (one
per column), grouped by GGP representation. We do not detail the absolute performance obtained
as it is inline with respect to that achieved on the LLM-generated test cases depicted in Figure 17.
From this table we can again reason comparatively among the considered curricula, observing that
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either C-PAR or C-GRAD generally outperform all other curricula, always ranking first or second,
confirming most of our previous findings. Following behind there is D-PAR, usually ranked second
or third, whereas both sequential curricula fall neatly behind, with remarkably worse rankings.
These results are in line with our overall findings, confirming the utility of LLM-generated test
cases for training GP agents. Moreover, they affirm the importance of relying on multiple test cases
in parallel, if available, arranging them into a curriculum of increasing difficulty.

4.3 Discussion
The analysis in Section 4.2 indicates that LLM-generated test cases enable GP to search effectively
for agent policies in both two-player and single-player games. The policies evolved by GP win
against LLM-generated strategies in the two-player game and progress through LLM-generated
levels in the single-player game, positively addressing RQ1. Additionally, the integration of a
curriculum scheduler into the evolution performed by GP often improves performance over a
non-scheduled training approach. For simpler games like Connect-4, with low computational
requirements, we investigated different curriculum budget allocations. Interestingly, Connect-4 did
not require extensive training on easier levels; a brief focus was enough to improve the robustness
of the evolved policy as well as the success rate.

Conversely, a more complex game like Super Mario Bros provided more test cases of equal
difficulty; allowing for the development of diverse strategies to exploit them. Parallel scheduling
results highlight the impact of CL in a single-player game, leading to better performance on test
cases encountered during the training and showing improved adaptability to new situations. These
observations address our second research question RQ2, confirming the effectiveness of CL when
integrated with LLM-generated test cases.

Our results also show that not all the LLMs are equally good at generating test cases (a) of
actually different difficulty and (b) actually challenging. For the Connect-4 game, while all LLMs
were able to generate opponents which can win against trivial (random) players, Llama-generated
opponents did not significantly differ from this point of view, while being, for the largest model
(Lllama-3.1-Instruct-405B), effective against ChatGPT-4 opponents. However, we found a general
trend in the extrinsic results, regardless of the LLM being employed. We believe this trend supports
our hypothesis that LLMs can be indeed used as assistants for building curricula to employ within
GP optimizations.

5 Conclusion, Limitations, and Future Work
We devised an approach for exploiting LLMs for generating test cases for evolutionary policy search
performed through GP. Moreover, we proposed to schedule LLM-generated test cases according
to the principles of CL, to maximize their effectiveness. We validated our approach against two
challenging game scenarios, a two-player board game and a single-player video game, proving not
only the feasibility of the method but also its effectiveness. For the two-player board game, for which
we could use general-purpose LLMs, we compared different models focusing on their ability to
generate diverse and challenging test cases. Experimentally, we showed the importance of gradually
increasing the difficulty of the test cases during learning for achieving well-performing and robust
GP agents. We also assessed the robustness of the approach with respect to the representation of
the policy for the playing agent: we employed linear programs using LGP and with graphs using
CGP.

While our methods yield promising results, there are key considerations and challenges in using
LLMs for test case generation. Firstly, the effectiveness of LLM-generated cases relies on crafting
precise prompts, a task that becomes crucial with general LLMs and for which the best practices
are not necessarily the same across different LLMs. Guo et al. [2023] suggest evolving prompts to
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improve this process. However, the inherent stochasticity of LLMs can cause the same prompt to
lead to different outcomes, hindering the reproducibility [Bender et al., 2021]. Moreover, closed
source LLMs which can only be accessed via dedicated interfaces might change their behavior in a
non-predictable way due to back-end updates. Another point to consider is the familiarity of the
LLM with the problem domain and potential biases from its training [Huang et al., 2023; Yeh et al.,
2023]. For unfamiliar domains, breaking them into known segments or providing wider context
can help the LLM generate more effective outputs [Song et al., 2023]. Moreover, MarioGPT and
similar studies, such as Todd et al. [2023], demonstrate that fine-tuning LLMs can also be effective
in tackling the lack of domain knowledge. As noted by Li et al. [2023], this approach demands
considerable computational effort and training data.

Future research should assess the generality of our approach by exploring more complex multi-
player games like Othello [Li et al., 2022], leveraging our findings on fitness budget allocations and
on the benefits of relying on multiple test cases in parallel, when available. For advanced single-
player scenarios, it could be worth exploring Sokoban, for which Todd et al. [2023] developed a fine-
tuned LLM for level generation. Last, building on top of our proposition, another direction involves
automatically improving prompt design for better test case generation. Introducing an evolutionary-
based prompt optimization [Guo et al., 2018] could enable a co-evolutionary setup [Thompson,
2014], allowing prompts and agents to evolve together to improve the overall performance.
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Appendix
LLM Prompting for Connect-4 Policies
In our study, we employed a systematic approach to prompt the Llama-3.1 LLMs to generate
Connect-4 policies of varying difficulties. Our approach centered on crafting simple but effective
prompts, paired with the previous level difficulty policy as an example, to guide the LLMs in
generating functional game policies that increase in difficulty. Prompt engineering techniques play
an important role in optimizing interactions with LLMs like those used for Connect-4 policies. It
is important to provide clear and specific instructions within the prompt, without restricting the
creativity of the model too much. This involves stating the desired outcome, such as generating a
Connect-4 policy of a particular difficulty level, and outlining any specific requirements, constraints,
or representational details. Another common technique to helping models generate effective outputs
is to give the model an example of the desired output (known as One-Shot prompting or Few-Shot
prompting if more than one example is provided).

Our prompts were structured to help the LLMs create working policies at different difficulty
levels. We began each prompt with explicit instructions about the task, specifying the need for a
Connect-4 policy and the desired difficulty level. We utilized One-Shot prompting by including
the policy the LLM generated for the previous difficulty level as a reference point for the LLM (to
generate the Easy level policies, a manually crafted random player was provided as the reference
point) and described the expected board representation. For the difficulty levels above easy we also
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prompted the LLM to consider specific strategic elements of Connect-4, such as blocking opponent
wins and setting up win conditions. This is to help ensure the more difficult strategies don’t regress
in performance by prioritizing new strategies over making a winning move or preventing an
opponent from winning. Examples of the prompts we used are shown below:

Prompt for Generating an Easy Difficulty Policy.
Given the following random player for playing connect-4, update it to make an easy policy to
play against that helps a player learn good strategies. Assume the board state is a 2d numpy
array where 0 represents an empty slot, 1 represents the red player, and −1 represents the
yellow player. Assume each move in the possible_moves are just a single integer indicating
the column to play in and assume the board_size is one integer:

Prompt for Generating a Medium Difficulty Policy.
Given the following easy difficulty Policy for playing connect-4, update it to make a medium
policy to play against that helps a player learn good strategies. Assume the board state is
a 2d numpy array where 0 represents an empty slot, 1 represents the red player, and −1
represents the yellow player. Assume each move in the possible_moves are just a single
integer indicating the column to play in and assume the board_size is one integer. Be sure to
prioritize winning the game and blocking the opponent from winning:
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Prompt for Generating a Hard Difficulty Policy.
Given the following medium difficulty Policy for playing connect-4, update it to make a hard
policy to play against that helps a player learn good strategies. Assume the board state is
a 2d numpy array where 0 represents an empty slot, 1 represents the red player, and −1
represents the yellow player. Assume each move in the possible_moves are just a single
integer indicating the column to play in and assume the board_size is one integer. Be sure to
prioritize winning the game and blocking the opponent from winning:

Prompt for Generating an Expert Difficulty Policy.
Given the following hard Policy for playing connect-4, update it to make an even more
difficult policy to play against, making sure to prioritize both winning the game and blocking
the opponent from winning. Assume the board state is a 2d numpy array where 0 represents
an empty slot, 1 represents the red player, and −1 represents the yellow player. Assume each
move in the possible_moves are just a single integer indicating the column to play in and
assume the board_size is one integer:

The generated policies were manually copied from the model output and tweaked slightly by
updating the policy names to represent which model generated them (ex: EasyPolicy405B), then
each policy was tested for functionality by having it play 1000 games against the manually crafted
random player (see Figure 3). Occasionally a LLM generated policy would include a call to a created
function with no implementation provided for that function. In this case, we prompted the model
to provide an implementation of the function and added the outputted function to the policy.
Additionally, LLM generated policies were sometimes found to be unable to beat the random player,
in which case the LLM was re-prompted again using the same prompt with an addendum that
the outputted policy be able to beat an opponent that plays random moves. Once this testing was
complete, the policies were integrated into our experimental framework.
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