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Abstract

Large Language Models (LLMs) are increasingly utilised in software development, particularly for
automatic code generation. Game development, a complex and multidisciplinary field, has begun
leveraging LLMs to streamline various stages of the development process. This paper focuses on the
application of LLMs in automating code generation for game development, providing a comprehensive
survey of existing research from multiple perspectives. We analyse the benefits and limitations of
LLM-based approaches in this domain and identify key challenges. Our systematic analysis of 15
primary studies reveals a prevalence of general-purpose LLMs (47%) alongside fine-tuned models
(40%), with prompt engineering universally adopted (100%) to guide code generation. Our findings
highlight the potential of LLMs to enhance game development workflows, while outlining future
research directions to address existing limitations.
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1. Introduction

Large Language Models (LLMs) represent a paradigm shift in artificial intelligence, leveraging
vast datasets to achieve human-like language understanding and generation capabilities [1, 2].
These models have demonstrated transformative potential across diverse domains, from machine
translation to content creation and conversational agents. More recently, their application
has extended to game development, where they promise to revolutionize one of the most
labor-intensive aspects of the process: automated code generation.

Game development is a complex, multidisciplinary endeavor that requires seamless integra-
tion of design, scripting, and testing [3]. Traditionally, coding game mechanics—ranging from
Non-Player Character (NPC) behavior to procedural content generation—has demanded signifi-
cant time and expertise. LLMs, equipped with advanced natural language processing (NLP)
capabilities, present a transformative approach to software development by enabling automated
code generation, accelerating development timelines, and lowering the barriers to entry for
independent developers and smaller development teams.. State-of-the-art models like GPT-4 [1],
Code Llama [4], and their domain-specific variants have already shown promise in generating
functional game code snippets, debugging scripts, and even optimizing performance-critical
sections.

However, the integration of LLMs into game development is not without challenges. Domain-
specific complexities, such as real-time rendering constraints, physics simulations, and platform-
specific APIs, often lead to hallucinations or logically inconsistent output [3]. For instance, recent
studies have found that LLMs underperform on game-specific code generation compared to
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general-purpose programming tasks, primarily due to difficulties in leveraging domain knowledge
such as game engine APIs. To address these limitations, researchers have explored fine-tuning
techniques, structured prompt engineering, and human-in-the-loop validation. Despite these
advances, gaps remain in evaluating the reliability, efficiency, and scalability of LLM-generated
code in production-grade game development workflows.

This paper presents a systematic survey of LLM applications for automated code generation
in game development. We examine which LLMs are most widely adopted and how they are
adapted to game-specific tasks, analyze the techniques used to optimize their performance, and
identify persistent challenges and future research directions. By analyzing primary studies from
2019 to 2025, we provide a comprehensive synthesis of current practices, highlighting trends such
as the dominance of general-purpose LLMs and the critical role of context-aware prompting.
Our findings reveal that while LLMs excel at generating boilerplate code or scripting simple
behaviors, challenges like controllability and the lack of standardized evaluation benchmarks
hinder broader adoption.

The contributions of this work include a taxonomy of LLMs used in game development, a
systematic analysis of optimization techniques and evaluation metrics, and actionable insights
for practitioners and researchers. These insights emphasize the importance of hybrid human-Al
workflows and domain-specific benchmarking to bridge the gap between experimental research
and practical implementation.

The rest of this paper is organized as follows. We first review related work in the field in
Section 2, then detail our research methodology in Section 3. Next, we present the results of
our systematic analysis in Section 4, followed by a discussion of their implications in Section 5.
Finally, we conclude with a summary of key findings and directions for future research in
Section 6.

2. Related Work

The intersection of LLMs and digital games has recently garnered significant attention that led
to initial efforts to survey this rapidly evolving landscape [3]. Understanding prior survey work
and related research helps situate the specific contributions of our paper, which mainly focuses
on the application of LLMs for automated code generation within the game development process
based on a systematic analysis of existing primary studies.

Initial surveys have begun mapping the broader range. Yang et al. [5] provided a scoping
review focused specifically on the GPT model series, they identify five key application areas:
procedural content generation (PCG), mixed-initiative design, mixed-initiative gameplay, playing
games, and game user research, based on a systematic keyword search of 55 articles published
before 2024. Their work offers a valuable overview of GPT’s diverse roles but is limited by its
focus on a single LLM family and covers many applications beyond code generation. Gallotta
et al. [6] presented a survey and roadmap that holds a wider, role-based typology derived
from Al and games conference proceedings. They categorize LLM involvement as Player, Non-
Player Character, Designer, Analyst, etc. and discuss potential and limitations within each
role. Their ‘Designer’ role implicitly includes code generation aspects but the survey lacks
a dedicated analysis of automated code generation as a specific task across different game
development contexts. Pilaniwala et al. [7] proposed a futuristic workflow using Generative Al
for democratizing casual game creation from prompts focused on architecture and high-level
challenges rather than analyzing current code generation practices found in existing research.

More closely related is primary research investigating specific aspects of LLMs for code
generation in relevant domains. Gu et al. [8] conducted an empirical study on LLM effectiveness
(including ChatGPT, Codellama) for domain-specific code generation, explicitly including game
development (C++) using libraries like Unreal Engine, Cocos2d-x, and Bgfx as one of their target
domains. They found that LLMs underperform on domain-specific tasks compared to general



code generation, attributing this to difficulties in utilizing domain-specific APIs. Consequently,
their work focuses significantly on prompting strategies to inject domain knowledge and proposes
a method called DomCoder, evaluating it with metrics like BLEU and CodeBLEU.

Our survey distinguishes itself from these prior works through its dedicated and systematic
focus on automated code generation across various LLMs and specific GD tasks (e.g., testing,
agent behavior scripting, PCG support code) as reported in the existing research literature
(G01-G15). We provide a quantitative and qualitative analysis of the LLMs employed, the
distinct tuning and prompt engineering techniques utilized for code generation, the evaluation
metrics applied to assess the generated code artifacts, and the specific challenges and future
directions highlighted by researchers actively working in this sub-domain. By concentrating
on this specific software engineering application within game development, our survey offers
targeted insights into current practices, limitations, and opportunities at the intersection of
LLMs, Software Engineering, and Game Development.

3. Research Method

This study adopts a systematic mapping approach, following the well-established methodologies
proposed by Brereton et al. [9] and Petersen et al. [10]. The research aims to address the
following key questions:

e RQ1: Which LLMs have been employed in code generation for games?

e RQ2: What techniques are used to optimize and evaluate LLMs in game-related code
generation?

e RQ3: What challenges and future directions exist for applying LLMs in game development
code generation?

The study encompasses all relevant publications in the field from January 2020 to February
2025. The subsequent sections detail the two primary phases of the research protocol: (1)
planning and (2) conducting. The findings are presented and discussed in Section 4.

3.1. Planning Phase

The planning phase of the research protocol involves defining the search strategy and review
process. The search strategy is described here, while the review process is detailed in Section 3.2.

We organized search terms into three thematic groups: (A) LLMs, (B) Game Development,
and (C) Code Generation. Terms within each group were connected using the Boolean OR
operator, while requiring papers to match at least one term from all three groups (combined with
AND logic) to ensure relevance. The specific keywords used for filtering studies are presented
below.

e A = Large Language Model, LLM, Generative Al Model, Transformer, Pretrained Language
Model, Al Language Model
e B = Game Development, Game Design, Game Engine, Games, Computer Games

e C = Code Generation, Automatic Coding, Automated Programming, Machine-Generated
Code

These words can be combined to form the overall search string as follows:
Search String: A and B and C

Our systematic search began with Google Scholar, a comprehensive academic search engine,
using an initial set of search terms. After compiling all potentially relevant papers, we removed



duplicate entries. The first screening phase involved evaluating publications based on their
titles, abstracts, keywords, introductions, and conclusions. Subsequently, we applied predefined
inclusion and exclusion criteria to identify primary studies for further analysis while eliminating
irrelevant publications.

Inclusion Criteria:

e Publications from 2020 to February 2025.

e Publications that use LLMs as the main assistant in the generation of code for game
development.

e Publications in English.

e Publications from journals, conferences, and workshops.

Exclusion Criteria:

e Summary, survey, or review publications.

Any publication other than journals, conferences, or workshops.

Books, websites, technical reports, dissertations, tutorials.

Publications containing models that cannot be executed or converted into executable game
code.

Publications that lack game domain features based on the NESI feature model [11].

To ensure literature coverage completeness, we employed backward snowballing by reviewing
reference lists of key papers, supplemented with forward snowballing through citation tracking.
All candidate papers underwent rigorous full-text evaluation against our inclusion criteria. When
encountering multiple publications discussing variants of the same core method, we performed
cross-source synthesis to develop comprehensive method profiles within our analysis framework.

3.2. Conducting Phase

In the second phase of our systematic review, we conduct the selection process using the search
protocol we defined in the planning phase. The process of finding and choosing primary studies
for our review is described in more detail in the following. We then present the data extraction
process and report the systematic map extracted from the primary studies.

3.2.1. Study Selection

Figure 1 illustrates our multi-stage study selection process. Beginning with an initial database
search and duplicate removal, we apply systematic filtering criteria before conducting snowballing
and full-text analysis of candidate papers. The final phase consolidates our primary study set
while incorporating relevant distributed findings from related publications.

We initiated the selection process by executing our predefined search queries in Google
Scholar, which returned 103 potentially relevant articles. After removing duplicates, 91 studies
advanced to the filtering stage. The first author created this initial list. The second author then
reviewed and helped finalize this list. Subsequently, the first and second authors independently
applied the iterative filtering steps (title/keyword/abstract screening, relevance check based
on introduction/abstract, and formal inclusion/exclusion criteria), with disagreements resolved
through discussion. The third author validated the outcomes of this filtering process. Through
this process, we rejected 68 studies, retaining 23 for further analysis. The primary reasons for
exclusion at this stage included a lack of focus on automated code generation.

To ensure comprehensive coverage, we conducted backward snowballing by examining references
from these 23 studies, which identified 9 additional qualifying papers. This brought our candidate
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Figure 1: Primary studies selection process

pool to 32 studies. Subsequent full-text analysis excluded 17 papers that failed to meet our
research objectives, resulting in 15 final primary studies for inclusion.

Figure 2 illustrates the annual publication trends of primary studies. The data reveal that
employing LLMs for code generation in game development emerged as a novel research trend
beginning in 2023, with a marked increase observable in 2024. Section 5 examines the potential
factors driving this phenomenon.

3.2.2. Data Extraction and Synthesis

To address each research question, we manually extracted data from all primary studies using
the standardized form presented in Table 1. This form captures essential study characteristics
needed to answer our research questions. The first author completed all forms, which were then
independently reviewed by the second and third authors. Any discrepancies identified during
this review process were resolved through consensus.

4. Results

This section presents the findings of our systematic literature review based on the analysis of 15
primary studies (identified as G01-G15 and listed in Appendix A), structured to directly answer
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Figure 2: Primary studies publication trends over years

Table 1

Data Extraction Form
Study data Description ‘ Relevant RQ
Title Study Overview
Author Study Overview
Year Study Overview
LLM Categories What is the distribution of LLMs used in studies? RQ1
Tuning Techniques What are the applied tuning techniques? RQ2
Prompt Engineering Techniques | What are the used prompt engineering techniques? RQ2
Evaluation Metrics What are the evaluation criteria in the study? RQ2
Challenges What are the challenges of the study? RQ3
Future Directions What are the suggested future directions? RQ3

the research questions outlined in the Research Methodology Section. We report quantitative
data derived from this analysis, supported by figures and tables.

4.1. RQ1: Which large language models (LLMs) have been employed in code
generation for games?

Our analysis identified the LLMs used for automated code generation in the surveyed game
development literature (N=15). General-purpose foundational models were the most frequent
category, with models like OpenAl’s GPT series, Google’s Gemma, or Llama 2 identified as
primary models or part of the toolchain in 7 papers (47%) [G02, G04, G05, G06, G09, G11,
G15]. Access via ChatGPT or similar interactive tools was explicitly mentioned or implied in 6
studies [G03, G04, G11, G12, G13, G14].

Code-specific models, especially Meta’s Code Llama, were used in 2 studies (13%) [G01, GO7].
Importantly, fine-tuning was a key strategy, reported in 6 papers (40%), adapting various models
(T5, GPT-2, GPT-3, RoBERTa, Code Llama) to game-specific contexts [G01, G02, G04, GOS8,
G09, G10]. Integration with models for other modalities (image, voice) occurred in 2 papers
(13%) [GO03, GO6]. Figure 3 visualizes the distribution of these LLM categories.

4.2. RQ2: What techniques are used to optimize and evaluate LLMs in game-related
code generation?

This subsection gathers the techniques used to enhance and assess LLM performance for game
development code generation tasks.
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4.2.1. RQ2.1: Tuning Techniques

Specific tuning techniques beyond prompting were described in several studies. Fine-tuning was
the most common, reported in 6 studies (40%) [GO1, G02, G04, G08, G09, G10]. This included
using instruction datasets [G01] and Parameter-Efficient Fine-Tuning (PEFT) methods like LoRA
[G01]. Data augmentation (2 papers, 13%) [G09, G10] and human-in-the-loop/bootstrapping (1
paper, 7%) [G10] were also employed.

4.2.2. RQ2.2: Prompt Engineering Techniques

Prompt engineering was applied across all 15 studies (100%), and structured templates or
formatting were described in 9 papers (60%) [GO1, G04, G06, G07, G10, G11, G13, G14, G15].
Context injection was also detailed in 9 papers (60%) [G01, G02, G05, G06, GOS8, G09, G11,
G14, G15]. Additionally, example-based prompting was mentioned in 5 papers (33%) [G02,
G05, G07, G12, G15]. Explicit instructions or constraints were highlighted in 4 papers (27%)
[G10, G13, G14, G15]. Iterative refinement was discussed in 3 papers (20%) [G03, G04, G06].
Finally, advanced strategies (CoT, Function Calling) were explored in 2 papers (13%) [G11,
G12]. Figure 4 illustrates the frequency of these techniques.



4.2.3. RQ2.3: Evaluation Metrics

A variety of metrics were employed. Code functionality /testing metrics were used in 1 study
(7%) [GO1], while task success/accuracy metrics were reported in 6 studies (40%) [G02, G07, GO8,
G09, G10, G14]. Metrics evaluating generated content quality /characteristics were most common
in 7 studies (47%) [GO05, G08, G09, G10, G12, G13, G15]. Additionally, Subjective/qualitative
assessments were incorporated in 4 studies (27%) [G03, G06, GO7, G14]. Finally, efficiency/ro-
bustness metrics were considered in 4 studies (27%) [G06, G11, G12, G13] and domain-specific
metrics were used in 2 studies (13%) [G04, G14].
Table 2 summarizes the metric categories.

Table 2

Distribution of Evaluation Metric Categories Used (N=15). Studies may use multiple categories.
Metric Category Number Percentage (%)
Generated Content Quality / Characteristics 7 46.7
Task Success / Accuracy 6 40.0
Subjective / Qualitative Assessment 4 26.7
Efficiency / Robustness 4 26.7
Domain-Specific (Emotion, Narrative, etc.) 2 13.3
Code Functionality / Testing 1 6.7

5. Discussion

This section interprets the quantitative results from Section 4, synthesizes findings, discusses
challenges and future directions (RQ3), outlines implications, and acknowledges limitations.

5.1. Synthesis of Findings

Our review (N=15) confirms LLMs are increasingly used for game code generation. The near-
equal prevalence of general-purpose models (47%) and fine-tuned models (40%) (Figure 3)
indicates a pragmatic balance between leveraging accessible, broad models and customizing
models for domain specificity. The universal use of prompt engineering (100%), especially
structured templates (60%) and context injection (60%) (Figure 4), highlights its necessity
for guiding LLMs in this complex domain. The evaluation focus (Table 2) on content quality
(47%) and task success (40%) suggests research often prioritizes the functional outcomes of
generated code over intrinsic code metrics, apart from specific QA applications [GO1]. The
reviewed studies demonstrated LLM applications across various facets of game code generation,
including the creation of unit tests [GO1], scripting of agent behaviors [GO7], and supporting
procedural content generation (PCG) systems [G08, G09, G10].

5.2. RQ3: What challenges and future directions exist for applying LLMs in game
development code generation?

5.2.1. RQ3.1: Challenges

Reliability and correctness remain the dominant challenge (11 studies, 73%), involving halluci-
nations and logical errors crucial for code [G03-G12, G14-G15]. Controllability and constraint
adherence (8 studies, 53%) require significant effort via prompting and tuning [G02, G04, G07,
G09, G11, G13, G14, G15]. Representing domain complexity (5 studies, 33%) [G01, G08-G10,
G13], data scarcity (3 studies, 20%) [G01, G09, G10], and performance/efficiency (3 studies,
20%) [G02, GO6, GO7] are other key barriers. Ethical/human factors were also noted [GO03].



5.2.2. RQ3.2: Future Directions

Future work frequently aims to improve techniques (prompting, tuning; 10 studies, 67%) and
expand scope/functionality (9 studies, 60%) to address limitations and tackle more complex
tasks [G05-GO7, G09-G10, G12, G14-G15]. Directly addressing core limitations (5 studies, 33%)
[G02, G04, G06, GO7, G10], enhancing human-AT collaboration (4 studies, 27%) [G01, GO03,
G11, G15], improving evaluation/benchmarking (5 studies, 33%) [G02, G11-G14], and leveraging
newer models (5 studies, 33%) [G02, GO5, G09, G11, G14] are critical for advancement.

5.3. Implications

LLMs offer significant potential for accelerating game development, automating tasks like test
generation [GO01] or agent behavior scripting [GO7]. This could lower barriers for complex features.
However, the prevalence of reliability challenges (73% of studies) necessitates rigorous human
oversight and validation. For researchers, this domain demands novel techniques addressing game-
specific code complexities and robust verification methods. For game development specifically, this
implies a need for LLMs that can understand and generate code compatible with complex game
engine APIs (e.g., Unity, Unreal Engine), physics systems, and real-time rendering loops. The
challenge lies not just in syntactic correctness but in semantic and performance appropriateness
within the game’s context.

5.4. Threats to Validity

This systematic review, while rigorously conducted on 15 primary studies, faces limitations in
database selection, categorization, and keeping pace with rapid advancements. The primary
validity threat stems from potential study selection biases, despite following Brereton et al. [9]
and Petersen et al’s guidelines [10]. Title-based filtering may have excluded relevant studies
using alternate terminology, and while snowballing helped recover some omissions, restrictive
criteria or incomplete search terms may still have missed pertinent research in this fast-evolving
field.

6. Conclusion

The integration of LLMs into game development for automated code generation represents a
promising frontier with significant potential to revolutionize the industry. Our systematic review
of 15 primary studies highlights the growing adoption of general-purpose and code-specific LLMs,
alongside the universal reliance on prompt engineering and fine-tuning techniques to address
domain-specific challenges. While LLMs demonstrate remarkable capabilities in generating
functional code, issues such as reliability, controllability, and domain complexity remain critical
barriers to widespread adoption.

Future research should focus on improving model reliability, expanding the scope of LLM
applications, and developing robust evaluation frameworks tailored to game development. Addi-
tionally, fostering human-Al collaboration and leveraging advancements in model architectures
will be key to unlocking the full potential of LLMs in this domain. As the field continues to
evolve, this survey serves as a foundational resource for researchers and practitioners, offering
insights into current trends, challenges, and opportunities at the intersection of LLMs and game
development. By addressing these challenges, the community can pave the way for more efficient,
accessible, and innovative game development workflows.
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GO09 [20]  Level Generation Through Large Language Models

G10 [21]  Practical PCG Through Large Language Models

Continued on next page




Table 3: Primary Studies Included in the Survey Analysis (N=15) — continued

Ref. ID Title of Paper

G11 [22]  Consistent Game Content Creation via Function Calling for Large Language
Models

G12 [23] ChatGPT4PCG 2 Competition: Prompt Engineering for Science Birds Level
Generation

G13 [24] ChatGPT4PCG Competition: Character-like Level Generation for Science
Birds

G14 [25]  Using a Large Language Model to turn Explorations of Virtual 3D-Worlds
into Interactive Narrative Experiences

G15 [26] 3D Building Generation in Minecraft via Large Language Models
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