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Abstract
In recent years, the field of Natural Language Processing (NLP) has made considerable progress with the development 
of neural network-based models, leading to the creation of various Large Language Models (LLMs). These models have 
demonstrated strong performance in various NLP tasks, such as language translation, sentiment analysis, and named entity 
recognition. One notable application of LLMs is their ability to generate code automatically from simple problem descrip-
tions. However, even advanced LLMs frequently generate incorrect code. To address this issue, we extend a recently proposed 
method that aims to improve the correctness of code generated by LLMs using an evolutionary approach known as Genetic 
Improvement (GI). Our method involves constructing a dynamic grammar based on the LLM-generated code and using a 
problem-agnostic fitness function. In our experiments, we evaluated the proposed method on 25 well-known and widely-
used problems across four different LLMs, both open-source and proprietary models. We demonstrate that our approach 
significantly improves the accuracy of code generated by LLMs. Specifically, for problems that the LLM alone does not 
fully solve, we show that GI significantly improves the initial LLM-generated solution in 50% to 75% of cases across the 
tested models. Our proposed GI approach remains effective as long as the initial LLM-generated code, despite some errors, 
provides a solid foundation for constructing a correct program.

Keywords  Evolutionary computation · Large language models · Code generation · Genetic improvement · Grammatical 
evolution · Genetic programming

Introduction

Developing software is a complex process that requires spe-
cific skills, knowledge, and expertise. As a result, creating 
tools designed to assist programmers has long been a prior-
ity in software engineering. Recently, Large Language Mod-
els (LLMs) have been successfully employed for automatic 
code generation in tools such as Copilot [1, 2] and ChatGPT.

LLMs in their current form can generate implementations 
of functions and methods from a description. However, if 
the problem is not well specified or is inherently complex, 
LLMs can provide flawed or incomplete code. While incor-
rect, such code might contain the general structure of the 
correct solution, serving as a solid foundation for subsequent 
steps.

Hence, we present an evolutionary method called Genetic 
Improvement (GI), which, given a textual description of 
a problem and a collection of user-provided test cases as 
input–output pairs, aims to enhance the code generated by 
an LLM. The proposed method is widely applicable since it 
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does not strongly depend on any specific LLM, only requir-
ing a set of input–output pairs for each problem. While we 
focus on Python as the main language, the approach can be 
applied to any programming language by defining its gram-
mar and specialization process.

A natural question is whether LLMs alone are suffi-
cient to generate correct solutions. In some cases, they are. 
However, when LLMs fail to produce the correct solution, 
self-correction through re-prompting is often ineffective, 
especially for ambiguous or complex tasks. Additionally, 
LLMs typically cannot leverage existing test cases that might 
already be available in large codebases (e.g., for testing pur-
poses). Traditional methods for improving LLM-generated 
code, such as re-prompting or fine-tuning, can be computa-
tionally expensive and may not guarantee good generaliza-
tion, particularly when high-quality training data is limited. 
In contrast, our method iteratively refines LLM-generated 
code by utilizing information from existing test cases to 
guide the evolutionary process. While our approach is not a 
complete solution, it advances the integration of LLMs and 
evolutionary computation for more effective code generation 
and correction.

Going into more detail, the proposed method consists of 
the following steps:

•	 Asking the LLM to produce the code to solve a problem 
given a textual description of it;

•	 Extracting the code and specializing a grammar in 
Backus-Naur Form (BNF) to the problem being solved;

•	 Using Grammatical Evolution (GE) to perform GI of the 
produced code, making use of the provided test cases to 
guide the evolutionary process.

This approach was also followed in [3], which this work 
extends. Compared to the original version, this work pro-
vides improvements in the following ways: 

1.	 instead of the traditional tournament selection, lexicase 
selection [4, 5] is used, combined with a down-sampling 
strategy that evaluates individuals on only a small frac-
tion of the test cases. Lexicase selection enables the 
selection of solutions that perform well across diverse 
test case samples, ensuring greater diversity. Meanwhile, 
the down-sampling strategy enhances efficiency in the 
selection process and helps capture the generalization 
capabilities of high-quality solutions;

2.	 a new fitness function, more general and granular than 
simply counting the number of passed test cases, has 
been defined. It accounts for partial correctness, ena-
bling the evolutionary process to make finer-grained 
improvements to LLM-generated solutions;

3.	 due to the rapid evolution of LLMs, we tested more 
recent and powerful models, for a total of 4 LLMs, 

ensuring that our findings remain relevant in the evolv-
ing AI landscape.

The introduced modifications were compared with the origi-
nal method on 25 different coding problems from PSB2 [6, 
7], showing that the newly proposed method improves upon 
the original one.

We empirically demonstrate that our proposed method 
significantly improves the correctness of LLM-generated 
code. In some cases, we find that using lexicase selection 
with a granular fitness function, which considers errors in 
individual test cases, produces even better results. For prob-
lems where the LLM alone fails to generate a correct solu-
tion, our approach enhances the initial LLM-generated code 
in 50% to 75% of cases across the four models we tested.

Compared to alternative approaches, GI offers a flex-
ible and scalable correction mechanism without requiring 
changes to the underlying LLM. Re-prompting may gener-
ate different solutions, but they can still be incorrect. Fine-
tuning, on the other hand, needs large datasets and signifi-
cant computational resources, making it less suitable for 
real-time code correction. Rule-based approaches often fail 
to generalize across diverse problems. In contrast, GI uses 
evolutionary principles to iteratively refine solutions, allow-
ing corrections to evolve based on user-provided examples.

In Sect. 2, we review the literature on the intersection of 
LLMs and evolutionary algorithms. Section 3 describes our 
proposed method, while Sect. 4 presents the results of our 
experimental analysis. We discuss key findings in Sect. 5 
and conclude in Sect. 6.

Related Works

In this section, we conduct a literature review of key stud-
ies that involve the combination of LLMs and evolutionary 
algorithms in various ways and for diverse objectives, with 
a particular focus on code generation.

Large Language Models

The advent of neural network-based architectures, particu-
larly the Transformer model [8], revolutionized the field of 
Natural Language Processing (NLP). By utilizing attention 
mechanisms exclusively, this model has enabled significant 
advancements in text generation and comprehension. Since 
the introduction of this type of architecture, numerous stud-
ies and tools, including BERT [9], have been developed and 
published to address a wide range of NLP tasks [10]. These 
models were trained on large text corpora to improve their 
capability to infer missing text from given input sequences.

In 2023, Meta AI introduced the first generation 
of LLaMA  [11], a series of pre-trained LLMs made 
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open-source for research and development purposes, with 
sizes ranging from 7 to 65 billion parameters. A notable 
variant, Alpaca [12], was developed by Stanford University 
as a fine-tuned version of LLaMA using the self-instruct 
method for instruction tuning [13]. Alpaca, particularly in its 
7B and 13B parameter versions, was trained on instruction-
following demonstrations, enabling it to perform similarly to 
other chatbots. In 2023, LLaMA 2 [14], an enhanced version 
with up to 70 billion parameters, was introduced. The fol-
lowing year, a code-specialized version of LLaMA 2, called 
CodeLLaMA [15], was released. Also in 2024, the latest 
version of the LLaMA family of models, LLaMA 3 [16], 
was launched.

OpenAI has significantly advanced LLMs with its devel-
opment of GPT-3  [17] and its successors, GPT-3.5 and 
GPT-4 [18]. These models, built on decoder-only Trans-
former architectures, differ in their number of parameters 
and the scale of their training data. GPT-4, accessible via 
ChatGPT Plus and OpenAI APIs, continues to exhibit 
impressive performance across various text-based tasks. In 
2024, CriticGPT [19], a GPT-4-based model designed to 
detect errors in ChatGPT-generated code.

As LLMs capabilities have improved dramatically, sev-
eral analyses and discussions were conducted to check how 
LLMs can potentially be adopted in personalization [20].

Code Generation

The field of code generation garnered significant attention 
from the scientific community starting in the latter half of 
the twentieth century, particularly through the exploration of 
program synthesis [21–24] and program transformation [25].

Given that the problem of code generation (or program 
synthesis) is hard [26], various tools for automatic code gen-
eration have been introduced for diverse purposes. These 
include producing C code from mathematical models [27], 
creating code using Generative Adversarial Networks 
(GANs) [28], implementing design patterns [29], generat-
ing efficient code from Event-B formal specifications [30], 
generating VHDL code from Unified Modeling Language 
(UML) specifications [31] or high-level hardware descrip-
tions [32], and producing code for web applications based 
on the Model-View-Controller (MVC) pattern [33].

Automatic code generation has also garnered significant 
interest in the field of Evolutionary Computation (EC). In 
particular, Genetic Programming (GP) [34] stands out as 
a well-known evolutionary algorithm originally designed 
to evolve programs. Following this, Grammatical Evolu-
tion (GE) [35, 36] was developed, gaining popularity for its 
capability to represent and evolve programs that adhere to a 
specified grammar.

GE was utilized for generating VHDL code to represent 
digital circuits [37]. In [38], an evolutionary algorithm was 

applied to create code for Programmable Logic Control-
lers (PLCs) to control various processes. The study in [39] 
employed an optimized hybrid evolutionary algorithm 
to predict code execution time and accelerate automatic 
code optimization for Ansor [40], an auto-scheduling sys-
tem that extends Apache TVM [41]. Additionally, [42] 
employed a hybrid Genetic Algorithm (GA) to automate 
the generation of parallel code for regular control prob-
lems. Cartesian GP (CGP) [43] was used in [44] to evolve 
machine code for a simplified implementation of the 
MOVE processor. Furthermore, multi-objective linear GP 
was employed in [45] to create assembly driver routines 
for devices in micro-controller-based systems.

In addition to evolutionary methods, LLMs are also 
powerful tools for code generation and have recently 
received significant attention. In particular, LLaMA and 
ChatGPT have significantly advanced automatic code 
generation. While ChatGPT has shown considerable skill 
in this area, it also has certain limitations [46]. Research 
on the effectiveness of LLMs includes an evaluation of 
Copilot for coding assistance [1], an empirical analysis 
of code generated by ChatGPT [47], and a study on how 
the non-deterministic nature of ChatGPT-like tools affects 
scientific validity [48].

One key challenge in automatic code generation is evalu-
ating the generated code. This is typically achieved by defin-
ing benchmarks that enable comparisons among different 
methods. Before the release of ChatGPT and LLaMA, LLMs 
were evaluated using two benchmark datasets to highlight 
their limitations, as described in [49]. The PSB2 benchmark 
suite [6, 7], which includes 25 updated general program syn-
thesis problems, has been used to assess code generation 
techniques. For instance, the PSB2 suite was used to com-
pare the effectiveness of Copilot with evolutionary methods 
such as GP [2, 50]. Additionally, it was recently employed 
to evaluate other program synthesis techniques [51–54]. 
The HUMANEVAL set [55] was created to measure func-
tional correctness in code synthesis from doc-strings, and 
it has been used to test LLMs such as Codex. In particular, 
HUMANEVAL was adopted in [56] to compare LLMs and 
GE. EvalPlus [57] builds on HUMANEVAL by adding more 
test cases to rigorously evaluate the functional correctness of 
code synthesized by LLMs. EvoCodeBench [58] is a bench-
mark that aligns with real-world repositories in multiple 
dimensions and avoids data leakage. RepoMasterEval [59] 
is a benchmark for evaluating code completion techniques 
constructed from real-world TypeScript and Python reposi-
tories. In [60], the authors implemented a synthetic data 
generation algorithm called LintSeq that refactors existing 
code into a sequence of code edits and they fine-tuned small 
LLMs with these synthetic edit sequences. They proved that 
these fine-tuned models produce more diverse programs than 
baseline LLMs.



	 SN Computer Science           (2025) 6:760   760   Page 4 of 21

SN Computer Science

Despite the impressive capabilities demonstrated by 
numerous code generation tools, including those based on 
LLMs, their effectiveness in generating error-free code var-
ies depending on problem complexity and the quality of 
prompts provided. Genetic Improvement (GI) [61, 62], a 
method derived from GP, focuses on optimizing existing 
code through evolutionary techniques [63, 64]. GI has been 
used to enhance auto-generated code in languages such as 
C++ [65, 66], C, Java [67], and Python [68]. Tools like [69, 
70] emphasize bug removal and time efficiency optimiza-
tion. GI was employed in Facebook during the deployment 
of the automated bug-fixing tool SapFix [71] and to reduce 
network usage [72]. Moreover, its impact is analyzed in [73] 
to determine the actual propagation effect of mutations in 
deeply nested code. Recent research has investigated the 
integration of GI methods with LLMs to evolve and improve 
code snippets generated by LLMs [53]. For instance, [74] 
utilized recent LLMs to develop new hybrid swarm intel-
ligence optimization algorithms.

The combination of LLMs with evolutionary algorithms 
is explored in several recent works [75], especially for code 
evolution and refinement [3, 76–80]. Other notable adop-
tions of LLMs in evolutionary computation are the design of 
multi-objective evolutionary optimization operators [81], the 
automatic generation of optimization algorithms [82, 83], 
and numerical optimization [84]. Additionally, LLMs are 
also explored to build, in combination with GP, an Explain-
able AI (XAI) dashboard [85], tune hyper-parameters in 
evolutionary algorithms [86], and generate test cases of 
increasing complexity for curriculum learning with the final 
purpose of training a GP agent [87]. In [88], the authors 
developed a grammar-based evolutionary approach to 
explore the prompt space of LLMs, given the high impact 
the prompt quality has on LLMs outcomes.

In addition to working on the generated code, evolution-
ary algorithms can also be used to modify LLM prompts. 
EvoPrompting [89] was developed to combine evolutionary 
prompt engineering with soft prompt-tuning for optimiz-
ing neural architectures. EvoPrompt [90] was introduced 
as a framework for discrete prompt optimization, utilizing 
LLMs to evolve prompts. Similarly, Promptbreeder [91] was 
proposed as a general-purpose, self-referential self-improve-
ment technique that evolves and adapts prompts for specific 
domains.

A study closely related to ours is the one from Tao 
et al. [92], which also combines LLMs with program syn-
thesis. However, several important distinctions highlight the 
unique contributions of our approach:

	 (i)	 Tao et  al. evaluate their method using the PSB1 
benchmark suite [93], whereas we apply our method 
to a broader and more recent collection of synthesis 
problems.

	 (ii)	 Their study utilizes five LLMs, including open-
source models with significantly more parameters 
than those considered in our work.

	 (iii)	 In their setup, LLMs are used only to generate the 
initial program population for GI; the LLM-gener-
ated solutions often outperform the final evolved 
programs, as acknowledged by the authors.

More critically, the focus of Tao et al. is on enforcing a 
predefined secure BNF grammar to ensure syntactic cor-
rectness and avoid malicious code generation. In contrast, 
our work focuses on enhancing the semantic correctness 
of LLM-generated programs by incorporating test case 
feedback into the evolutionary process. We show that our 
method leads to a higher rate of correct solutions–measured 
by passed test cases–compared to the LLM baseline.

Furthermore, our method operates under minimal super-
vision, leveraging user-supplied test cases and dynamic 
grammar specialization to guide the search. This stands in 
contrast to approaches based on fine-tuning, reinforcement 
learning, or prompt engineering, which typically require 
extensive resources, domain-specific data, or repeated model 
interaction. Our results demonstrate that test-driven, gram-
mar-constrained GI can substantially improve correctness 
without modifying or retraining the LLM.

Proposed Approach

In this section, we present our proposed approach and dis-
cuss how it can be used to improve the LLM output via GI.

The problem we aim to solve is as follows: given a coding 
problem defined by a textual description and a collection of 
test cases—represented as input–output pairs—we want to 
develop a program that implements the problem description 
and produces the expected output for each input as specified 
in the corresponding test case. In our method, the textual 
description serves as the input to the LLM, while the test 
cases are utilized to define the fitness function. As previ-
ously detailed, our method is divided into three macro-steps, 
with the latter two comprising the GI part: 

1.	 Extraction of the LLM output. The LLM is prompted 
with a problem description, and the generated response 
is processed to remove formatting inconsistencies and 
irrelevant text so that the actual code can be extracted. 
The code is then converted into an Abstract Syntax Tree 
(AST) for further genetic transformations;

2.	 Dynamic grammar definition and solution encoding. 
The grammar is dynamically specialized based on the 
problem description and the LLM-generated code. This 
specialization refines the base grammar to make the evo-
lutionary search focus on promising areas of the search 
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space. The LLM-generated solutions are then parsed 
into a genome for genetic manipulation;

3.	 Evolution. The initial solutions are replicated to form 
the population, and GI is applied using a fitness func-
tion that evaluates correctness and error degree. This 
function enables the evolutionary process to better dis-
criminate solutions with the same number of passed test 
cases.

The methodology is cost-effective as it primarily depends 
on running an evolutionary algorithm, which requires 
only CPU resources and has an adjustable computational 
budget based on hardware capacity. For LLM prompt-
ing, the cost depends on whether the LLM is proprietary 
or open-source. For proprietary models, prompting may 
also incur monetary costs beyond computational time. 
However, our methodology remains viable with a limited 
number of prompts, making it affordable even when using 
expensive LLMs. Furthermore, our approach is independ-
ent of both the coding language and the LLM.

In Fig. 1, we show a general overview of the workflow 
of our proposed method.

Extraction of the LLM Output

Even with a precise prompt, LLM output may include extra-
neous text. Therefore, the initial phase involves extracting 
the code from the LLM response. This extraction depends 
on the specific LLM and coding language (different LLMs 
might delimit the code differently).

In our context, a code extraction procedure applied to an 
LLM response should be designed to extract both the code 
that is part of the solution but remains unchanged by GI 
(e.g., import statements, supporting functions, or classes) 
and the code that is refined by GI (e.g., the main function 
or class).

It is important to note that the extracted code might not 
be syntactically correct and cannot be immediately encoded 
into an AST for use in GI. Hence, to ensure that solutions 
with syntax errors are not immediately discarded, we employ 
the following heuristic to extract a syntactically correct 
program:

	 (i)	 retrieve the index of the first line with a syntax error,
	 (ii)	 remove the corresponding line, and
	 (iii)	 repeat steps i and ii until no syntax errors remain or 

no code remains.

Fig. 1   High-level workflow of 
the proposed approach
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Comments are removed, and only the existing import 
statements are retained. Since variable names and func-
tion parameter names do not affect code correctness, they 
are renamed as vi with i ranging from 0 to the number of 
variables minus one. Thus, the result is a syntactically valid 
code, which may be empty. To encode the extracted code as 
an AST for use in GI, we replace indents and newlines with 
specific tags, as required by the ponyge2 library [68]. Fur-
thermore, since the grammar for a language such as Python 
can be quite complex, we parse only a subset of it, cover-
ing most common use cases while maintaining a compact 
grammar.

Dynamic Grammar Definition and Solution 
Encoding

Here, we justify the use of small “base” grammars to aid 
the evolutionary process, and we describe how they can be 
dynamically augmented to fit the task at hand.

Base Grammar

Let G represent a grammar that includes the primary con-
structs of the programming language used to solve the 
problem. It is important to note that G may differ from the 
standard formal grammar for the language, incorporating 
specific biases and modifications necessary for the evolu-
tionary process. First, G is designed to favor the generation 
of small, manageable programs. This is typically achieved 
by favoring derivations that expand into terminal symbols 
rather than non-terminals, thus biasing random selection 
towards shorter programs without altering the recognized 
or generated language. Moreover, the grammar can be tai-
lored to produce code containing commonly used libraries 
and functions, eliminating the need to generate their names 
from scratch.

Dynamic Grammar Definition

To help the evolutionary process, we take advantage of 
the information contained in the textual description of the 
problem and the solution provided by the LLM, refining 
the grammar to incorporate problem-specific constants and 
symbols.

The core concept is to introduce additional terminal sym-
bols to the “base” grammar G . We identified two primary 
types of symbols that can aid the search process: constants 
and function names. Constants mentioned in the problem 
description (e.g., a task described as “finding all multiples 
of 37 less than 1000” involves two constants) can be diffi-
cult to identify via evolution. However, incorporating these 
constants directly from the problem description simplifies 
their usage in the solution since we ensure they are readily 

available for evolution. Similarly, including functions and 
libraries eliminates the need to recreate existing code. How-
ever, identifying useful libraries requires understanding the 
language ecosystem, not just its grammar.

Since an LLM is trained on a large corpus of text that 
includes code, the LLM can effectively identify useful librar-
ies. Given the LLM output and the problem description, a 
general procedure for extracting the necessary information 
is as follows:

	 (i)	 extraction of imported libraries, function names, 
strings, and numbers from the LLM output to ensure 
that useful libraries and functions can be selected 
during evolution;

	 (ii)	 (ii) extraction of strings and numbers from the prob-
lem description as constants;

	 (iii)	 extraction of keywords from the problem description 
as terminal symbols (strings) via KeyBERT [94].

A problem-specific grammar GQ can be obtained by add-
ing the extracted symbols to G , along with all variable names 
in the code as terminal symbols. Furthermore, the likelihood 
of generating the extracted symbols can be increased–thus 
making their inclusion in a solution more probable–by rep-
licating their derivations multiple times.

A benefit of this method is that the evolutionary process 
can directly use existing library functions and does not need 
to generate constants from scratch when they can be easily 
derived from the problem description. This ensures that evo-
lution starts with a more relevant search space. However, a 
significant drawback is that the effectiveness of the grammar 
heavily relies on the quality of the provided description and 
the output generated by the LLM. Output that is incorrect 
but not in a fundamental way (e.g., the general structure 
is correct and it includes calls to useful library functions) 
can still aid in guiding the search. Conversely, a completely 
incorrect output that is far from a viable solution can hinder 
the evolutionary process by making the use of irrelevant 
constants and functions more likely.

After defining the grammar GQ , the solutions provided 
by the LLM can be encoded into an AST to be used in the 
evolutionary process.

Evolution

Since GI is used to refine existing solutions, two components 
need to be defined: how the initial population is generated 
and how the individuals are evaluated. Other hyper-parame-
ters of the evolutionary processes, like the choice of genetic 
operators, are not specific to the proposed approach and will 
not be the focus of this discussion.

The initial population is seeded with solutions produced 
by the LLM, encoded as previously detailed, possibly with 
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repetitions if the number of solutions is smaller than the 
population size. Note that replication is useful to limit the 
computational resources used by LLMs which, for the larger 
models, could be significant.

Regarding the fitness function, it is defined based on the test 
cases provided by the user (i.e., valid input–output pairs). 
The fitness values consist of two components: the first ( F  ) 
considers the number of test cases passed, while the second 
( E ) computes the discrepancy between the expected and 
generated outputs. These two components are combined 
using a lexicographic ordering ( FE ), which prioritizes the 
F  component. More formally, given a set of n test cases 
DQ = {(x1, y1), (x2, y2),… , (xn, yn)} for the problem Q and a 
program M, the first component is defined as:

where out(M, xi) represents the output of M on input xi and [⋅] 
is the indicator function, which is 1 if the enclosed proposi-
tion is true and 0 otherwise.

The second component is defined as:

where dist is a measure of dissimilarity that depends upon 
the type of the provided values. Therefore, the solutions are 
ordered according to the number of passed test cases and, in 
case of a tie, according to how close they are to the correct 
output.

Experimental Phase

For the experimental phase, we specify some of the details 
that were left more general in the previous description (e.g., 
the way the LLMs are prompted and the grammar used, 
among other factors). In particular, the LLMs we test are 
CodeLLaMA 7B (CL7), LLaMA 3 8B (L3), ChatGPT (CG), 
and GPT4 (G4).

Language

Although the proposed method has been outlined in a gen-
eral manner, our experiments specifically concentrated on 
the Python language. This choice was primarily driven by 
the abundance of training materials available for popular 
languages, enhancing the LLMs capabilities to produce 

(1)F(M,DQ) =

n∑

i=1

[out(M, xi) ≠ yi]

(2)E(M,DQ) =

n∑

i=1

dist(out(M, xi), yi)

meaningful solutions, as well as the availability of libraries 
for code parsing and analysis.

In the experiments, each problem description was pre-
ceded by the following text when prompting an LLM:

Write a single Python function to 
solve the following problem and 
insert the necessary modules:

Consequently, we assume that the LLM provides the solu-
tion within a single function that can be executed by calling 
it with one or more arguments as inputs and returns one or 
more outputs.

Since an LLM can provide more functions in its answer, 
we assume that the last function is the main one, while the 
previous functions are supporting functions that are presum-
ably invoked within the main function. This assumption 
comes from the fact that, in many programming languages, 
it is common to find the main function after the supporting 
functions.

Here we focus on evolving only the body and the param-
eters of the main function, while we keep all the import 
statements and supporting functions fixed to avoid expand-
ing the search space.

The extraction of the code from the LLM answers begins 
with removing all comments and extracting all valid imports 
and functions. Of these, the last one is kept as the main one, 
as detailed above, and the others are kept if they are syntac-
tically valid. The main function body is made syntactically 
correct using the heuristic detailed in Sect. 3.1. If the result-
ing body is empty, it is replaced with pass.

Our study intentionally adopted minimal prompting to 
simulate low-effort LLM usage, reflecting realistic user 
constraints where prompt engineering expertise or time is 
limited.

Grammar

The grammar we used is a subset of the full Python gram-
mar, outlined briefly here. Initially, the grammar generates a 
call to the main function. This function takes several param-
eters as input and includes some code in its body. The body 
can contain one or more statements, categorized as condi-
tional (if, for, while) and non-conditional statements.

Non-conditional statements can be a return, an assign-
ment, a print, a pass, a continue, a break, a raise, or an 
instance method called on an object. A node represents a 
value that can be one of a (possibly formatted) string, a 
number, a Boolean, a problem parameter, null, a logical or 
mathematical combination of two variables, a list, a tuple, 
a list comprehension, a tuple comprehension, or a function 
called on variables. The complete base grammar in BNF 
for the Python subset we use is available in our repository 
(see Sect. 4.5).
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Note that, although we could theoretically parse all prob-
lems by defining a grammar covering the entire Python lan-
guage, doing so would result in a much larger search space, 
potentially slowing down the evolutionary process. Instead, 
the grammar we employ aims to strike a reasonable balance 
between expressiveness and search space complexity. A key 
motivation for adopting a dynamic grammar-based approach 
over a static one is its adaptability to problem-specific char-
acteristics, significantly improving search efficiency.

A static grammar defines a fixed search space that lacks 
domain-specific information, making exploration more dif-
ficult. Preliminary experiments with a large static grammar 
revealed that the evolutionary process struggled to improve 
fitness due to a search space too vast relative to the fitness 
landscape’s complexity. In contrast, our dynamic grammar 
optimizes the search space by incorporating problem-rele-
vant constants, function names, and libraries extracted from 
the problem description and LLM-generated solutions. This 
targeted augmentation enhances the discovery of meaningful 
program structures while reducing the likelihood of generat-
ing irrelevant code.

As an example, consider the problem “Write a function 
that returns the sum of all multiples of 7 below 200”. From 
the problem description, the relevant constants are 7 and 
200. If an LLM provides a solution like:

the extracted functions include sum and range, which 
are commonly used in Python. The problem-specific gram-
mar GQ extends G by introducing the constants 7 and 200 as 
terminal symbols and the function names sum and range. 
Instead of randomly mutating numbers, the evolutionary 
process can now directly use 7 and 200. This way, the search 
favors selecting range(200) instead of iterating over an 
excessive range. Moreover, the use of sum is encouraged, 
reducing the likelihood of selecting incorrect functions.

Fitness

The dissimilarity measure dist adopted in E quantifies the 
difference between the expected and obtained outputs based 
on the data type. The choice of distance metrics balances 
computational efficiency and the ability to distinguish 
between different degrees of correctness.

The specific distance measures for different data types 
are:

•	 Numeric values (integers, floats, Booleans): Compared 
using the absolute difference, i.e., dist(a, b) = |a − b| . 
This measure provides a fine-grained evaluation of 
numerical discrepancies;

•	 Strings, lists, and ranges: Compared using the edit dis-
tance (Levenshtein distance), which counts the minimum 
number of single-element insertions, deletions, or substi-
tutions needed to transform one sequence into another. 
This ensures that small structural modifications lead to 
proportionally small penalties;

•	 Sets and dictionaries: Compared using the Jaccard dis-
tance, defined as: 

 This is suitable for unordered collections, as it considers 
the proportion of shared elements;

•	 Tuples: Since tuples often represent multiple return 
values, their dissimilarity is computed as the sum of 
the dissimilarities of their elements, ensuring that 
each component is compared using its respective dis-
tance measure.

Additionally, the code may return a value of a different type 
than expected. In that case, the dissimilarity is assumed to 
be the maximum possible dissimilarity for the test cases, 
assuming as output a “neutral” element (i.e., 0 for numbers, 
the empty string or list, and the empty set or dictionary). If 
the function raises an exception during its evaluation, that 
value is doubled.

Note that tuples are not directly compared by using 
the edit distance, unlike other collection-like data struc-
tures. This choice comes from the fact that, if the problem 
requires a function that returns multiple outputs, the out-
puts are likely to be packed into a tuple (default behavior 
in Python). Thus, directly calculating the edit distance on 
the tuple would be too coarse as a dissimilarity measure.

The selected distance measures ensure that:

	 (i)	 minor deviations in output structure or values result 
in small penalties, preventing premature discarding 
of promising candidates;

	 (ii)	 the dissimilarity function remains computationally 
efficient;

	 (iii)	 each data type is compared in a way that aligns with 
its intended role in programming tasks.

This approach provides that the fitness function provides 
a meaningful gradient for evolutionary search while appro-
priately penalizing incorrect solutions.

(3)dist(A,B) = 1 −
|A ∩ B|
|A ∪ B|
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Problems

To evaluate our approach, we select the widely used problem 
dataset PSB2 [6, 7]. This dataset provides a comprehensive 
set of problems, making it a suitable benchmark for vali-
dating automatic code generation algorithms. We begin by 
assessing the complexity of the coding problems in PSB2 
(Table 1). For each problem, we prompt the LLM to gener-
ate a solution, repeating this step independently 10 times by 
using the same prompt. If the LLM successfully solves the 
problem (i.e., the generated code is correct according to the 
training examples provided) in at least one of these repeti-
tions, we exclude it from further improvements. Problems 
solved by the LLM are marked with a ✓ in the following 
tables.

The problem description is essential when prompting an 
LLM: Since multiple descriptions may be available,1 we 
employ the official descriptions available in the PSB2 paper 
itself [6, 7].

Experimental Settings and Results

We prompt the LLM to solve each problem 10 times, pro-
ducing a total of 10 individuals. These individuals are uni-
formly replicated to meet the required population size of 
200. The evolution is executed for 100 generations. The fit-
ness is calculated by using 1000 test cases as training data 
and 1000 test cases as test data.

To evaluate and select individuals during evolution, 
we employ a down-sampled selection strategy, where 
a subset of test cases is sampled without replacement 
from the training set at each generation [95–97]. Spe-
cifically, although the dataset contains 1000 input–out-
put pairs, only 50 training cases are randomly selected at 
the start of each generation and used for fitness evalua-
tion. This approach ensures diverse assessments across 
generations, preventing overfitting to a fixed subset of 
test cases while maintaining time efficiency. Moreover, 
this process is integrated into the evolutionary selection 
algorithm, so individuals are evaluated on varying sub-
sets over time, enhancing generalization. Preliminary 
experiments showed that this modification does not sig-
nificantly impact the quality of the results but provides a 
large speed-up in the evolutionary process.

For each combination of problem and LLM, we per-
form 10 separate GI runs starting with the same initial 
population. The test case datasets are obtained via the 
psb2 library [6, 7]. We set an initial maximum depth 
of 15 and a maximum depth of 30 for the individuals 
themselves.2 We do not impose a wrap-around limit on 
the genomes, and we set a maximum codon size of 200.

As part of the experimental phase, we tested two selec-
tion procedures: tournament selection with a tournament 
size of 5 ( � ) and lexicase selection ( �) [4, 98–100]. Both 
crossover and mutation are sub-tree operators. Crossover 
is applied with a probability of 0.80. Mutation is applied 
with a probability of 0.60. An individual applied to a set 
of input test cases (training or test) is associated with a 
time-out of 3 seconds to avoid inefficient solutions and, 
in the worst case, non-terminating ones.

To compare the effectiveness of GI with the self-cor-
rection capabilities of LLMs, we implement a procedure 
based on the method described in [53]. For each LLM, we 
initially request a solution for a given problem and then 
evaluate the correctness of the generated code (denoted 
by L ). If the code is incorrect, we prompt the LLM to 
self-correct its output (denoted by L+).

During a self-correction session, the LLM is asked to 
iteratively improve the output code up to 10 times:

•	 If, in a given iteration, the time-out is reached, then the 
LLM is prompted with:

Table 1   List of PSB2 problems

Name Alias Name Alias

Basement BS Bouncing Balls BB
Bowling BW Camel Case CC
Coin Sums CS Cut Vector CV
Dice Game DG Find Pair FP
Fizz Buzz FB Fuel Cost FC
Greatest Common Divisor GD Indices of Substring IS
Leaders LD Luhn LH
Mastermind MM Middle Character MC
Paired Digits PD Shopping List SL
Snow Day SD Solve Boolean SB
Spin Words SW Square Digits SQ
Substitution Cipher SC Twitter TW
Vector Distance VD

1  The PSB2 paper includes an external hyperlink to different descrip-
tions for the same problems (e.g., the FB description in the external 
table details that the output is printed, while the description in the 
paper details that the output is returned, which is more coherent with 
the original purpose of PSB2).

2  The BW problem requires a maximum depth of 40 because of the 
size of the initial solution.
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	   Your code is too slow. Please, 
rewrite it and make it correct and 
more efficient. Remember to insert the 
necessary modules.

•	 If, in a given iteration, the code contains at least one 
syntax error, then the LLM is prompted with:

	   Your code contains syntax 
errors. Please, rewrite it and fix 
all the syntax errors. Remember to 
insert the necessary modules.

•	 Otherwise, if the code is logically incorrect, we provide 
10 pairs of input–output examples from the training 
data that were not successfully resolved in the previous 
iteration. The LLM is then prompted with:

	   Your code is incorrect. 
Please, rewrite it. Remember to 

insert the necessary modules. Make 
sure that

	   followed by examples formatted as input -> 
output.

We conduct 2 self-correction runs. For each run, we store 
the best solution across the iterations, based on the num-
ber of passed test cases on the training set. This approach 
allows us to select the best result obtained through LLM 
self-correction to compare the results with GI.

We execute our GI runs on a virtual machine running 
Ubuntu 20.04, with 16 dedicated cores on an Intel(R) 
Xeon(R) Gold 6140 CPU and 128 GB of RAM. We meas-
ure that, on average, a single repetition of an evolutionary 
process consisting of 100 generations, with a population 
size of 200, takes less than 30 minutes, including the fit-
ness evaluations on both the training and test sets. Our 

Table 2   Median number of 
passed test cases (scaled in 
[0, 1]) for each problem and 
LLM

 We highlight in bold the methods that are better for the same problem and LLM in a statistically signifi-
cant way
 The GI is based on F  with tournament selection

CL7 L3 CG G4

L L
+ GI L L

+ GI L L
+ GI L L

+ GI

BS ✓ – – ✓ – – ✓ – – ✓ – –
BB 0 0 0 0 0 0 0.00 0.02 0.04 0.00 0.04 0.04
BW 0.00 0 0.01 0.00 0.00 0.09 0.00 0.01 0.01 0.03 0.42 0.11
CS 0 0 0 0 0 0 0 0 0.00 0 0.15 0.10
CC 0 0 0.29 ✓ – – ✓ – – ✓ – –
CV 0 0.06 0.00 0.17 0.30 1 0.92 0.49 0.99 0.85 0.85 0.99
DG 0.00 0 0.00 0.00 0.14 0.14 0.07 0.07 0.14 0.14 0.00 0.14
FP ✓ – – 0 0.76 0 ✓ – – ✓ – –
FB ✓ – – ✓ – – ✓ – – ✓ – –
FC ✓ – – ✓ – – ✓ – – ✓ – –
GD ✓ – – ✓ – – ✓ – – ✓ – –
IS 0.78 0.78 0.78 ✓ – – ✓ – – ✓ – –
LD 0.22 0.22 0.34 0.58 1 1 ✓ – – ✓ – –
LH 0 0 0.04 ✓ – – ✓ – – ✓ – –
MM 0.06 0.06 0.17 0.10 0.14 0.71 ✓ – – ✓ – –
MC ✓ – – ✓ – – ✓ – – ✓ – –
PD 0 1 0.48 ✓ – – ✓ – – ✓ – –
SL 0 0 0 0 0 0 0 0 0 0 0.50 0
SD 0.04 0.04 0.04 0.04 0.02 0.04 0.04 0.04 0.75 0.04 0.04 0.08
SB 0 0 np 0.00 0 0.50 0.00 0.62 0.50 0 0.68 0.50
SW ✓ – – 0.35 0.67 0.37 ✓ – – ✓ – –
SQ 0 0 0 ✓ – – ✓ – – ✓ – –
SC ✓ – – ✓ – – ✓ – – ✓ – –
TW ✓ – – ✓ – – ✓ – – ✓ – –
VD 0 0 0.00 ✓ – – ✓ – – ✓ – –
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Python implementation is publicly available at https://​
github.​com/​drava​lico/​LLMGI​py.

Statistical significance is assessed by using a Wilcoxon-
Mann–Whitney test [101] with � = 0.05 . When the number 
of comparisons exceeds two, a preliminary Kruskal-Wallis 
test [102] with � = 0.05 is performed. If a statistical dif-
ference is found among the methods in the group, a Holm-
Bonferroni correction [103] with � = 0.05 is then applied.

Here, we present and compare two types of GI:
(i) F  in combination with tournament selection ( IF

�
 ), as 

in [3]; (ii) FE in combination with lexicase selection ( IFE

�
).

An ablation study investigating the effect of lexicase 
selection with FE as the fitness function, and the effect of 
F  with tournament selection, is presented in Appendix A.

We present the results of our experiments in Tables 2 
and 3. The tables show the median fraction of passed test 
cases on the test data by the best overall solutions (according 
to the training data) for L , L+ and GI across the executed 
repetitions. For each LLM, the table highlights both the 
problems that are directly solved (as described in Sect. 4.4) 

and those that are not parsed by the grammar ( �� ). When 
a given method does not pass any test case in all runs, we 
denote it as 0. Similarly, when a given method passes all the 
test cases in all runs, we denote it as 1.

Among the LLMs, CL7 solves a smaller number of 
problems, and L+ appears to be largely ineffective, offer-
ing no improvement except in the cases of PD (where it 
consistently reaches an optimum across all repetitions) 
and CV. In the latter case, only when compared to IF

�
 do 

we find that L+ is better in a statistically significant way. 
For the other LLMs, particularly OpenAI models that 
directly solve most of the problems, L+ is better than L 
in a statistically significant way and better than GI in only 
3 cases: FP for L3, and SL and SB for G4. This suggests 
that simply re-prompting the LLM does not usually lead 
to any meaningful improvement. We observe that many 
problems not directly solved by the LLM show meaning-
ful improvements with GI, with IFE

�
 providing, on average, 

a slightly higher number of these improvements. Thus, 
our GI approach can enhance LLM-generated code and 

Table 3   Median number of 
passed test cases (scaled in 
[0, 1]) for each problem and 
LLM

We highlight in bold the methods that are better for the same problem and LLM in a statistically significant 
way. The GI is based on FE with lexicase selection

CL7 L3 CG G4

L L
+ GI L L

+ GI L L
+ GI L L

+ GI

BS ✓ – – ✓ – – ✓ – – ✓ – –
BB 0 0 0.00 0 0 0.00 0.00 0.02 0.04 0.00 0.04 0.04
BW 0.00 0 0.01 0.00 0.00 0.09 0.00 0.01 0.03 0.03 0.42 0.10
CS 0 0 0 0 0 0 0 0 0.02 0 0.15 0.62
CC 0 0 0.29 ✓ – – ✓ – – ✓ – –
CV 0 0.06 0.35 0.17 0.30 1 0.92 0.49 0.99 0.85 0.85 1.00
DG 0.00 0 0.01 0.00 0.14 0.14 0.07 0.07 0.14 0.14 0.00 0.14
FP ✓ – – 0 0.76 0.00 ✓ – – ✓ – –
FB ✓ – – ✓ – – ✓ – – ✓ – –
FC ✓ – – ✓ – – ✓ – – ✓ – –
GD ✓ – – ✓ – – ✓ – – ✓ – –
IS 0.78 0.78 0.78 ✓ – – ✓ – – ✓ – –
LD 0.22 0.22 0.52 0.58 1 1 ✓ – – ✓ – –
LH 0 0 0.04 ✓ – – ✓ – – ✓ – –
MM 0.06 0.06 0.17 0.10 0.14 0.72 ✓ – – ✓ – –
MC ✓ – – ✓ – – ✓ – – ✓ – –
PD 0 1 0.79 ✓ – – ✓ – – ✓ – –
SL 0 0 0 0 0 0 0 0 0 0 0.50 0
SD 0.04 0.04 0.04 0.04 0.02 0.09 0.04 0.04 0.75 0.04 0.04 0.12
SB 0 0 np 0.00 0 0.50 0.00 0.62 0.50 0 0.68 0.00
SW ✓ – – 0.35 0.67 0.38 ✓ – – ✓ – –
SQ 0 0 0.00 ✓ – – ✓ – – ✓ – –
SC ✓ – – ✓ – – ✓ – – ✓ – –
TW ✓ – – ✓ – – ✓ – – ✓ – –
VD 0 0 0.00 ✓ – – ✓ – – ✓ — –

https://github.com/dravalico/LLMGIpy
https://github.com/dravalico/LLMGIpy
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is never worse than using the LLM alone. However, the 
optimum is reached in only 2 cases for IF

�
 and 3 cases for 

I
FE

�
 , likely due to the complexity of the search space. We 

also find that the grammar fails to provide at least one 
parsable solution for the GE in only the cases of CL7 and 
SB. In this particular failed case, the output code of the 
LLM includes an explicit declaration of a Python diction-
ary, which is not handled by the grammar.

In Fig. 2, we show an example of code generated by L3 
for CV that was completely corrected by GI.

In Fig. 3, we show a schema of the three methods for 
visual comparison on a specific use case.

In Table 4, we report the comparison between IF
�

 and 
I
FE

�
 . The results reveal that the number of passed test cases 

is very similar and has a positive, though marginal, impact 
on the quality of improvement. Upon closer inspection, IFE

�
 

is meaningfully better than IF
�

 in some cases (especially for 
CL7 and L3), while IF

�
 outperforms IFE

�
 only in SB for G4. 

Notably, with IFE

�
 , we achieve an additional optimum in the 

median case (CV for G4). 

Computational Time and Memory Cost

GI and LLM self-correction have distinct computational and 
memory requirements.

GI runs efficiently on commodity hardware, requiring 
only a CPU for execution. On average, an evolutionary 
process completes in less than 30 minutes, though memory 

consumption depends on the problem’s spatial complexity 
and the specific implementation of the evolved solution. 
Notably, GI maintains a relatively stable computational 
cost across generations, as each iteration operates on a fixed 
population size with a predefined set of operations.

In contrast, LLM self-correction imposes an increas-
ing computational burden over successive iterations. Each 
correction request expands the LLM’s context, leading to 
cumulative growth in both memory usage and processing 
time. Furthermore, LLM inference typically requires dedi-
cated GPU acceleration, whereas GI relies solely on CPU 
computation.

For GI, an exception arises when evolved solutions are 
highly inefficient, consistently reaching the predefined exe-
cution time-out. This safeguard, implemented to prevent 
infinite loops or excessively slow computations, can signifi-
cantly extend the effective runtime per generation, increas-
ing overall execution time.

Discussion

A key initial observation is that more advanced LLMs–par-
ticularly larger models like those from OpenAI–tend to pro-
duce better code than smaller ones. However, even these 
larger models often generate incorrect solutions for many of 
the tested problems. When this occurs, we attempt to correct 

Fig. 2   An example of LLM 
solution completely corrected 
by GI
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the output by re-prompting the model with a small set of 
failed test cases, asking it to revise the code accordingly.

Despite these efforts, our results show that LLMs rarely 
self-correct effectively through re-prompting alone. This is 
likely due to their reliance on probabilistic pattern matching 
rather than explicit reasoning. Consequently, LLMs often 
fail to associate specific failed test cases with the neces-
sary code changes, limiting their ability to fix errors based 
solely on feedback. This underscores a broader limitation of 
LLMs: even when provided with concrete examples, they 
often struggle to produce accurate code without additional 
mechanisms.

In contrast, GI directly incorporates test case feedback 
into the refinement process. It incrementally improves upon 
LLM-generated code and can explore alternative solutions 

that the LLM might not produce. Across nearly all tested 
problems, GI successfully enhances the initial output, out-
performing re-prompting alone. This performance boost is 
largely attributed to the specialized grammar used during 
evolution, which steers the search toward more promising 
areas of the solution space.

However, the success of GI still depends on the quality 
of the initial LLM-generated code. Even if incorrect, the 
initial solution must include a reasonable set of functions, 
libraries, and constants for GI to leverage. Generating such 
a set is typically easier for an LLM than producing a fully 
correct solution, making smaller models valuable for seeding 
the evolutionary process. As a result, GI tends to be more 
effective with smaller LLMs and simpler problems, while its 
benefits are less pronounced for more complex tasks.

Fig. 3   Visualization of the three 
compared methods for L3 and 
CV problem
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Regarding the evolutionary strategy, we find that using 
lexicase selection with a fine-grained fitness function 
(denoted as IFE

�
 ) leads to higher-quality solutions. Down-

sampled lexicase selection evaluates candidates on diverse 
sequences of test cases, reducing overfitting and improving 
generalization. In our experiments, IFE

�
 outperforms IF

�
 in 

11 cases, with IF
�

 outperforming in only one. Notably, 9 of 
the 11 improvements occur with smaller LLMs, where there 
is more room for correction.

Despite its overall effectiveness, GI does not always yield 
optimal solutions. When the initial LLM output is highly 
inaccurate, exploration becomes difficult, and evolution may 
stall. Poor-quality initial code also hinders dynamic gram-
mar construction, further limiting GI ability to find improve-
ments. Finally, some problems remain inherently challeng-
ing–whether approached via LLMs or evolutionary methods. 
This is evident in cases like BB, BW, and SD, where even 
GPT-4 fails to generate correct code.

Conclusion

In this paper, we extend the evolutionary approach presented 
in [3] and aim to improve the accuracy of code generated 
by state-of-the-art LLMs. Our method requires the user to 
provide a textual description of the problem, along with a 

set of test cases in the form of input–output pairs. If the 
generated solution is incorrect, we apply GI to improve it. 
To improve the evolutionary process of GI, we automatically 
specialize a grammar based on the LLM output, tailoring it 
to each problem.

Although our approach is broadly applicable, we focused 
on the Python language during our experimental phase. We 
conducted an experimental campaign involving four differ-
ent LLMs, comparing the effectiveness of GI with the self-
correction abilities of the LLMs. Our analysis carried out 
on 25 problems from the PSB2 dataset, demonstrated the 
efficacy of our method in improving the accuracy of Python 
code generated by the most advanced LLMs available. Com-
pared to the original work, this extension introduces a series 
of improvements, such as a better fitness function, an inves-
tigation into the effect of different selection methods, and a 
comparison with more recent and powerful LLMs.

The proposed method only requires a limited number 
of LLM queries, and the evolutionary process can effi-
ciently run on commodity hardware by leveraging paral-
lel execution. Future research could explore specialization 
techniques, such as reducing the grammar based on LLM 
outputs. This approach would allow a large grammar for 
initial parsing, increasing the number of correctly parsed 
solutions and subsequently reducing the GI search space. 
Additionally, analyzing the number of test cases needed for 
code correction would provide insights into the actual effort 
required from users.

Table 4   Median number of 
passed test cases (scaled in 
[0, 1]) for each problem and 
LLM

We highlight in bold the methods that are better for the same problem and LLM in a statistically significant 
way

CL7 L3 CG G4

I
F

� I
FE

�
I
F

� I
FE

�
I
F

� I
FE

�
I
F

� I
FE

�

BB 0 0.00 0 0.00 0.04 0.04 0.04 0.04
BW 0.01 0.01 0.09 0.09 0.01 0.03 0.11 0.10
CS 0 0 0 0 0.00 0.02 0.10 0.62
CC 0.29 0.29 – – – – – –
CV 0.00 0.35 1 1 0.99 0.99 0.99 1.00
DG 0.00 0.01 0.14 0.14 0.14 0.14 0.14 0.14
FP – – 0 0.00 – – – –
IS 0.78 0.78 – – – – – –
LD 0.34 0.52 1 1 – – – –
LH 0.04 0.04 – – – – – –
MM 0.17 0.17 0.71 0.72 – – – –
PD 0.48 0.79 – – – – – –
SL 0 0 0 0 0 0 0 0
SD 0.04 0.04 0.04 0.09 0.75 0.75 0.08 0.12
SB np np 0.50 0.50 0.50 0.50 0.50 0.00
SW – – 0.37 0.38a – – – –
SQ 0 0.00 – – – – – –
VD 0.00 0.00 – – – – – –
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While our evaluation focused on the 25 problems from 
the PSB2 benchmark–selected for their diversity and estab-
lished relevance in the program synthesis literature–we 
recognize that broader validation on larger and more var-
ied benchmarks is necessary to further assess the gener-
alizability of our approach. Furthermore, future research 
could explore integrating GI with reinforcement learning. 
For instance, an adaptive grammar could evolve alongside 
solutions, refining itself based on feedback from successful 
transformations during evolution. Hybrid evolutionary strat-
egies could also be investigated, combining GI with learn-
ing-based approaches such as self-adaptive mutation strate-
gies. Moreover, more sophisticated and heuristic prompting 
strategies could be explored to provide higher-quality initial 
solutions from the LLM, which can then be further refined 
by the evolutionary process. These techniques could enhance 
search efficiency, particularly for complex problems.

Finally, automating error detection and categorization 
could help identify common failure patterns in LLM-gener-
ated code. This would guide the evolutionary search toward 
the most impactful corrections, improving efficiency.

A Ablation Study

To verify that the improvement in the number of passed test 
cases was indeed related to both the use of lexicase selec-
tion and the FE fitness function, we conducted an ablation 
study by repeating the experiments, isolating each of these 
features. Specifically, we report the results of the following 
2 variations and compare them with IF

�
 and IFE

�
:

•	 F  combined with lexicase selection ( IF
�

 ) in Table 5;
•	 FE combined with tournament selection ( IFE

�
 ) in Table 6.

The impact of using lexicase selection alone is presented 
in Table 7. The results indicate that, while this approach 
provides an improvement in the number of passed test cases, 
its overall contribution remains limited. Similarly, Table 8 
demonstrates that the addition of FE offers only a marginal 
enhancement in performance compared to the method pro-
posed by [3]. Finally, Table 9 illustrates that the combination 

Table 5   Median number of 
passed test cases (scaled in 
[0, 1]) for each problem and 
LLM

We highlight in bold the methods that are better for the same problem and LLM in a statistically significant 
way. The GI is based on F  with lexicase selection

CL7 L3 CG G4

L L
+ GI L L

+ GI L L
+ GI L L

+ GI

BS ✓ – – ✓ – – ✓ – – ✓ – –
BB 0 0 0 0 0 0.00 0.00 0.02 0.04 0.00 0.04 0.04
BW 0.00 0 0.01 0.00 0.00 0.07 0.00 0.01 0.01 0.03 0.42 0.11
CS 0 0 0 0 0 0 0 0 0.28 0 0.15 0.00
CC 0 0 0.29 ✓ – – ✓ – – ✓ – –
CV 0 0.06 0.00 0.17 0.30 1 0.92 0.49 0.99 0.85 0.85 1.00
DG 0.00 0 0.01 0.00 0.14 0.14 0.07 0.07 0.14 0.14 0.00 0.14
FP ✓ – – 0 0.76 0 ✓ – – ✓ – –
FB ✓ – – ✓ – – ✓ – – ✓ – –
FC ✓ – – ✓ – – ✓ – – ✓ – –
GD ✓ – – ✓ – – ✓ – – ✓ – –
IS 0.78 0.78 0.78 ✓ – – ✓ – – ✓ – –
LD 0.22 0.22 0.52 0.58 1 1 ✓ – – ✓ – –
LH 0 0 0.04 ✓ – – ✓ – – ✓ – –
MM 0.06 0.06 0.17 0.10 0.14 v 0.72 ✓ – – ✓ – –
MC ✓ – – ✓ – – ✓ – – ✓ – –
PD 0 1 0.17 ✓ – – ✓ – – ✓ – –
SL 0 0 0 0 0 0 0 0 0 0 0.50 0
SD 0.04 0.04 0.04 0.04 0.02 0.07 0.04 0.04 0.75 0.04 0.04 0.08
SB 0 0 np 0.00 0 0.50 0.00 0.62 0.50 0 0.68 0.50
SW ✓ — — 0.35 0.67 0.38 ✓ – – ✓ – –
SQ 0 0 0 ✓ – – ✓ – – ✓ – –
SC ✓ – – ✓ – – ✓ – – ✓ – –
TW ✓ – – ✓ – – ✓ – – ✓ – –
VD 0 0 0 ✓ – – ✓ – – ✓ – –
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Table 6   Median number of 
passed test cases (scaled in 
[0, 1]) for each problem and 
LLM

We highlight in bold the methods that are better for the same problem and LLM in a statistically significant 
way. The GI is based on FE with tournament selection

CL7 L3 CG G4

L L
+ GI L L

+ GI L L
+ GI L L

+ GI

BS ✓ – – ✓ – – ✓ – – ✓ – –
BB 0 0 0.00 0 0 0.02 0.00 0.02 0.04 0.00 0.04 0.04
BW 0.00 0 0.01 0.00 0.00 0.01 0.00 0.01 0.01 0.03 0.42 0.10
CS 0 0 0 0 0 0 0 0 0.01 0 0.15 0.39
CC 0 0 0.29 ✓ – – ✓ – – ✓ – –
CV 0 0.06 0.28 0.17 0.30 1.00 0.92 0.49 0.99 0.85 0.85 0.99
DG 0.00 0 0.00 0.00 0.14 0.14 0.07 0.07 0.14 0.14 0.00 0.14
FP ✓ – – 0 0.76 0 ✓ – – ✓ – –
FB ✓ – – ✓ – – ✓ – – ✓ – –
FC ✓ – – ✓ – – ✓ – – ✓ – –
GD ✓ – – ✓ – – ✓ – – ✓ – –
IS 0.78 0.78 0.78 ✓ – – ✓ – – ✓ – –
LD 0.22 0.22 0.22 0.58 1 1 ✓ – – ✓ – –
LH 0 0 0.04 ✓ – – ✓ – – ✓ – –
MM 0.06 0.06 0.17 0.10 0.14 0.71 ✓ – – ✓ – –
MC ✓ – – ✓ – – ✓ – – ✓ – –
PD 0 1 0.16 ✓ – – ✓ — – ✓ – –
SL 0 0 0.00 0 0 0 0 0 0 0 0.50 0
SD 0.04 0.04 0.04 0.04 0.02 0.06 0.04 0.04 0.75 0.04 0.04 0.08
SB 0 0 np 0.00 0 0.50 0.00 0.62 0.50 0 0.68 0.50
SW ✓ – – 0.35 0.67 0.37 ✓ – – ✓ – –
SQ 0 0 0 ✓ – – ✓ — – ✓ – –
SC ✓ – – ✓ – – ✓ – – ✓ – –
TW ✓ – – ✓ – – ✓ — – ✓ – –
VD 0 0 0 ✓ – – ✓ – – ✓ – –
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Table 7   Median number of 
passed test cases (scaled in 
[0, 1]) for each problem and 
LLM

We highlight in bold the methods that are better for the same problem and LLM in a statistically significant 
way

CL7 L3 CG G4

I
F

�
I
F

�
I
F

�
I
F

�
I
F

�
I
F

�
I
F

�
I
F

�

BB 0 0 0 0.00 0.04 0.04 0.04 0.04
BW 0.01 0.01 0.09 0.07 0.01 0.01 0.11 0.11
CS 0 0 0 0 0.00 0.28 0.10 0.00
CC 0.29 0.29 – – – – – –
CV 0.00 0.00 1 1 0.99 0.99 0.99 1.00
DG 0.00 0.01 0.14 0.14 0.14 0.14 0.14 0.14
FP — — 0 0 – – – –
IS 0.78 0.78 – — – – – –
LD 0.34 0.52 1 1 – – – –
LH 0.04 0.04 — – – – – –
MM 0.17 0.17 0.71 0.72 – – – –
PD 0.48 0.17 – – – – – –
SL 0 0 0 0 0 0 0 0
SD 0.04 0.04 0.04 0.07 0.75 0.75 0.08 0.08
SB np np 0.50 0.50 0.50 0.50 0.50 0.50
SW – – 0.37 0.38 – – – –
SQ 0 0 – – – – – –
VD 0.00 0 – – – – – –

Table 8   Median number of 
passed test cases (scaled in 
[0, 1]) for each problem and 
LLM

 We highlight in bold the methods that are better for the same problem and LLM in a statistically signifi-
cant way

CL7 L3 CG G4

I
F

� I
FE

�
I
F

� I
FE

�
I
F

� I
FE

�
I
F

� I
FE

�

BB 0 0.00 0 0.02 0.04 0.04 0.04 0.04
BW 0.01 0.01 0.09 0.01 0.01 0.01 0.11 0.10
CS 0 0 0 0 0.00 0.01 0.10 0.39
CC 0.29 0.29 – – – – – –
CV 0.00 0.28 1 1.00 0.99 0.99 0.99 0.99
DG 0.00 0.00 0.14 0.14 0.14 0.14 0.14 0.14
FP – – 0 0 – – – –
IS 0.78 0.78 – – – – – –
LD 0.34 0.22 1 1 – – – –
LH 0.04 0.04 – – – – – —
MM 0.17 0.17 0.71 0.71 – – – –
PD 0.48 0.16 – – – – – –
SL 0 0.00 0 0 0 0 0 0
SD 0.04 0.04 0.04 0.06 0.75 0.75 0.08 0.08
SB np np 0.50 0.50 0.50 0.50 0.50 0.50
SW – – 0.37 0.37 – – – –
SQ 0 0 – – – – – –
VD 0.00 0 – – — – – –
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of FE with lexicase selection leads to a more substantial 
increase in the number of passed test cases.
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