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Abstract

This paper presents a scoping review of 61 publications (2020-2024) to investigate the role of Generative Artificial
Intelligence (GenAl) in the Game Development Life Cycle (GDLC). We examine how GenAlI techniques including
Large Language Models, diffusion models, GANs, and Al-driven procedural content generation are applied across
the Pre-Production, Production, and Post-Production stages. Through a systematic search and screening process,
we map GenAl applications to key game development activities such as content creation, story generation, game
mechanics design, dynamic difficulty adjustment, and testing. Beyond summarizing existing work, we identify
structural trends and imbalances, including the strong concentration of GenAlI in production-stage content
generation and limited adoption in post-production tasks such as debugging and optimization. By providing a
lifecycle-oriented analytical framework, this review highlights emerging research opportunities and supports
researchers and developers in understanding how Generative Al can enhance game production workflows and
player experiences.
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1. Introduction

The rise of GenAl has transformed many creative and technical fields, offering new capabilities in content
creation, automation, and problem-solving [1, 2]. Advances in deep learning, including Generative
Adversarial Networks (GANSs), Variational Autoencoders (VAEs), diffusion models, and Transformer-
based architectures, have enabled systems that can generate and enhance creative outputs [3]. In game
development, these technologies are increasingly used to support procedural content generation (PCG),
game mechanics design, dynamic difficulty adjustment (DDA), and story development [4].

GenAl applications in games span several areas. Al systems are used in narrative design to create
interactive storytelling experiences [3], while PCG tools generate levels, environments, and characters
dynamically [1]. In addition, GenAl models analyze player behavior to improve gameplay balance and
adapt difficulty levels [4]. These applications highlight the growing role of Al in supporting different
aspects of game development.

Games themselves are complex systems that combine rules, goals, and player interaction. They
play an important role in human experience and development [5]. Although defining “games” can be
challenging, researchers commonly describe them using elements such as goals, rules, feedback systems,
and voluntary participation [6, 7, 8]. These elements are important when considering how Generative
Al contributes to game design and development.
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Recent studies have explored the use of GenAl in games. For example, GPT for Games: A Scoping Re-
view (2020-2023) [9] focuses on GPT-based models, particularly for narrative and gameplay interaction.
However, broader GenAlI approaches including diffusion models, GANSs, reinforcement learning—based
PCG systems, and multi-modal pipelines have not been systematically examined across the full Game
Development Life Cycle (GDLC).

In this paper, we examine how GenAl is applied across the three main GDLC stages: Pre-Production,
Production, and Post-Production [10]. We extend beyond GPT-focused studies [9] to include a wider
range of generative techniques used for ideation, content creation, asset development, testing, and
optimization. Using a structured search across six databases, we identified 61 relevant studies published
between 2020 and 2024.

Unlike prior work that focuses on specific model types, this study adopts a life-cycle oriented
perspective. By mapping GenAl applications to GDLC stages, we identify patterns in how these
technologies are used and where gaps exist. In particular, we observe a strong focus on production-stage
content generation, with less attention given to post-production tasks such as testing and debugging.

This paper provides (1) a mapping of GenAl techniques across GDLC stages, (2) an analysis of trends
and gaps across stages, and (3) insights into the gap between academic research and industry practice.
Through this life-cycle based approach, we aim to help researchers and developers better understand
current applications of GenAl and identify areas for future development.

2. Background

GenAl refers to machine learning—based systems that generate content such as text, images, audio,
code, and structured data [11, 12]. Recent advances in deep learning, including transformer-based
architectures, diffusion models, and adversarial frameworks, have expanded these capabilities. In game
development, these technologies are used to support creativity, automate content creation, and improve
workflows [3].

Al has long played a role in game development, evolving from rule-based systems and search
algorithms to machine learning approaches [10, 13]. These methods have supported both gameplay
behavior and content generation. However, modern generative models now enable more coherent,
context-aware, and multi-modal outputs.

2.1. Game Development Life Cycle

Game development follows a structured process similar to traditional software development but involves
multiple disciplines such as visual design, audio, narrative, and interaction [10, 13]. Although different
GDLC models exist [14, 15], most define three main stages: Pre-Production, Production, and Post-
Production [10].

The Pre-Production stage focuses on planning and concept development [10]. It includes ideation,
defining gameplay mechanics, identifying the target audience, and selecting platforms [16]. Designers
create narratives and characters, while artists develop concept art [17]. Technical decisions such as
game engines and tools are also made. A key output is the Game Design Document (GDD), which
outlines gameplay, narrative, and technical requirements [18], along with early prototypes.

The Production stage involves building the game. This includes asset creation, programming, level
design, animation, sound, and Al integration [13]. Teams collaborate to implement systems such as
physics and NPC behavior [10]. This stage is resource-intensive and includes continuous testing to
ensure stability.

The Post-Production stage focuses on refinement and release preparation. It includes debugging,
quality assurance, balancing, optimization, and localization [15, 18]. Playtesting improves usability and
gameplay, and after release, updates and downloadable content (DLC) may be added [16].



2.2. Evolution of GenAl & LLM

Generative approaches in games existed before modern Al Procedural Content Generation (PCG),
introduced in the 1980s, enabled automatic creation of game content such as levels and environments
[19]. PCG is not a single technique but a broad problem area that includes rule-based, search-based,
and machine learning approaches. Games like Rogue, Diablo, and Daggerfall used these methods to
create large environments [20].

By the mid-2000s, machine learning and neural networks were applied to content generation and
player modeling, enabling systems to adapt based on gameplay data [21].

The introduction of GANs in 2014 [22] improved image and texture generation, influencing asset
creation in games [23, 24].

More recently, Large Language Models (LLMs), such as GPT-based systems, have improved text
generation for dialogue, storytelling, and quest design [25]. Their ability to produce coherent responses
makes them useful for NPC interactions [26].

Diffusion models have further advanced image generation, enabling high-quality text-to-image syn-
thesis [27]. These models are now used for concept art, character design, and environment prototyping.

3. Methodology

This study adopts a scoping review methodology to systematically map the current landscape of GenAl
applications within the GDLC. The review follows the PRISMA-ScR (Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses extension for Scoping Reviews) guidelines to ensure transparency
and reproducibility.

The review is guided by the following research questions:

+ RQ1: How is Generative Al applied across the stages of the Game Development Life Cycle?;
« RQ2: Which categories of Generative Al methods are most commonly used in each GDLC stage?;
« RQ3: What research gaps and emerging opportunities can be identified in the current landscape?.

3.1. Search Strategy

We conducted research across six major academic databases: ACM Digital Library, IEEE Xplore, Scopus,
Science Direct (Elsevier), ProQuest and Web of Science. These databases were selected due to their
extensive coverage of computer science, artificial intelligence, and game development research.

Full-text searches were conducted using combinations of the following keywords: ("Generative AI”
OR ”Generative Artificial Intelligence” OR "Large Language Model” OR "LLM” OR “Diffusion Model”
OR "GAN” OR "Procedural Content Generation”) AND ("Game Development” OR "Game Design” OR
”Video Game”).

The search covered publications from January 2020 to December 2024. While some Al techniques
predate 2020, the selected timeframe captures the surge of modern GenAlI technologies, particularly
transformer-based LLMs and diffusion models with the following criteria of selection.

Inclusion Criteria

Studies were included if they:

« Utilized a Generative Al technique (e.g., LLMs, diffusion models, GANS, reinforcement learning-
based generative systems, PCG with ML components).;

« Addressed at least one aspect of the Game Development Life Cycle.;

+ Generated or supported the creation of game-related artifacts (e.g., narrative, levels, characters,
assets, testing frameworks).

Exclusion Criteria
Studies were excluded if:



« The term “game” was used metaphorically (e.g., game theory, serious simulations unrelated to
entertainment games).;

+ The work focused solely on Al gameplay without generative components.;

+ The generative system was not applied within a game development context.

3.2. Screening Process

The initial search yielded 1,240 records. After removing 308 duplicates, 932 articles remained for title
and abstract screening. Following eligibility assessment and full-text review, 61 studies met all inclusion
criteria. Disagreements during screening were resolved through discussion among three researchers to
reduce classification bias.

An open-coding approach was used to identify recurring themes. Coding was initially conducted by
one researcher and subsequently validated by two additional researchers to improve reliability.

Our studies were categorized into three GDLC stages:

« Pre-Production: Ideation, concept development, narrative planning, asset prototyping.;

« Production: Asset implementation, level design, NPC behavior, dialogue generation, gameplay
systems.;

« Post-Production: Testing, debugging, optimization, balancing, localization, post-launch refine-
ment.

In cases where studies spanned multiple stages, classification was based on the primary intended
contribution described in the paper. This framework is intended as a functional abstraction rather than
a rigid industrial taxonomy.

4. Results

This section presents the findings of the scoping review, synthesizing 61 studies published between 2020
and 2024. Studies were mapped to stages of the GDLC: Pre-Production, Production, and Post-Production.
Classification was based on the primary contribution made in each paper, although some works spanned
multiple stages.

4.1. Descriptive Characteristics of Articles

The overall distribution of studies shows a clear imbalance with most publications concentrate on
Production stage applications, while comparatively fewer studies address Pre-Production ideation tasks
or Post-Production testing and optimization. Figure 1 below shows the distribution of number of coded
references per GDLC stage.
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Figure 1: Distribution of Codes for GDLC stages per Publication Year



The highest number of codes in the Production phase with 206 coded references suggests that the
application of Al is most concentrated during the active development of game assets, mechanics, and
systems. This aligns with existing literature indicating that Al-driven tools, such as PCG and game
mechanics optimization, play a critical role in streamlining production workflows and enhancing game
design efficiency [13].

The Pre-Production phase also shows substantial engagement with Generative Al, with 123 coded
references indicating the use of GenAl in the early-stage tasks such as concept ideation, narrative
generation, and asset creation design. Conversely, the Post-Production phase has the fewest coded
references (12), highlighting a relatively lower emphasis on Al applications in this stage. This may be
because post-production primarily focuses on quality assurance, debugging, and final optimizations,
where Al tools may be used less frequently compared to earlier stages. However, the presence of Al in
this phase suggests some emerging applications, such as Al-driven testing, performance optimization,
and content adaptation for different player demographics.

It is observed in table 1 below that the publication trends in Generative Al research for game
development indicate a steady increase in academic interest over the years, culminating in a significant
surge in 2024. Initially, research in this domain was sparse, with only one publication in 2020 and a slight
increase to two studies in 2022. However, by 2023, the number of publications had risen sharply to 20,
reflecting a growing recognition of Generative Al’s potential in the gaming industry. The most notable
jump occurred in 2024, with 38 publications, highlighting the widespread adoption of Generative Al-
driven techniques in game design and development.

Table 1
Number of Publications per Year
Publication Year | Count of Journal/Conference
2020 1
2021 0
2022 2
2023 20
2024 38

This pattern suggests that advancements in Al technologies, particularly in LLMs and PCG, have
fueled increased academic and industry engagement.

4.2. Generative Al used in the Pre-Production Stage

The analysis showed that GenAl models like LLMs for narrative and quest design, diffusion models like
Stable Diffusion (SD) and Stable Diffusion XL (SDXL) for the facilitating of concept art and game asset
generation, PCG techniques for dynamically creating environments, assets, and narratives, collectively
enhancing creativity, efficiency, and iterative design in the pre-production stage of development.

We further noticed that one of the most prominent applications of GenAl in this stage is the use of
LLMs for narrative and quest design. [28, 29, 30, 31] explored how an LLM-powered assistant supports
game designers in structuring plots and developing rich, interactive narratives. [32, 33, 34, 35, 36, 37] also
mentioned the application of GPT-based models in procedural storytelling making storyline dynamic
for player immersion.

A significant body of research explored the use of SD in graphics generation for games. [38]
emphasized how SD processes text descriptions to generate highly detailed and immersive game visuals
making it more flexible making was for fine-tuning. In the same way [39] explores SD’s integration
with ControlNet, a plugin that enhances pose control and detail refinement planning in generated
images. Their work showcases how documentations are made for the planning of models to fine-tune
game asset generation, including cutscenes, mood boards, and promotional artwork. [40] further
investigated how SD is leveraged to create interactive game elements, such as traps, treasure chests,
and environmental objects, adding variety and uniqueness to procedurally generated content ideation.
Also, [41] highlighted taking a narrative of how text-to-image models like SDXL with the combination



of LLMs will create cohesive visual assets that align. [42] also noted that SD, alongside Novel Al and
Midjourney, serves as a creative assistant, helping developers with prototype building and refining
visual concepts more efficiently.

Another Generative Al model used at the pre-production stage is PCG which aids developers with
efficiency in building prototypes and generating content automatically following laid down procedures
thereby reducing manual workload and enhancing creativity [43, 44]. From their research, PCG
is leveraged in early-stage design to generate game environments, assets, and narrative structures
dynamically. This allows developers to experiment with different gameplay mechanics before full-scale
production [45, 46, 47]. For example, PCG techniques are used to create diverse level layouts and
environmental assets, providing a foundation for iterative design and testing [48, 49]. Additionally,
some researchers have explored the application of Al-driven PCG to assist in game story development,
ensuring narrative coherence while maintaining design flexibility [50, 51].

The analysis further revealed that Generative Al is also used in narrative planning and story genera-
tion, character and NPC development planning, interactive dialogue design creation, and Al-driven
planning for PCG. For instance, [52] described an LLM-based narrative planner that translates a writer’s
abstract storytelling goals into concrete character action sequences. [53] also demonstrated the use of Al
in generating coherent game stories while integrating thematic elements, ensuring that game narratives
remain logically structured. Additionally, [29] introduced GamePlot1, an Al-powered tool that assists
developers in early-stage game development by automating the creation of narrative elements and
plotlines. In [52], an LLM-based Character Simulator that autonomously generates a prototype of
character actions to ensure NPCs behave in ways that align with the game’s storytelling objectives was
utilized.

Generative Al is also proving useful in game planning particularly in defining game rules, environ-
ments, and quests. Al-driven systems allow designers to input high-level criteria, and the Al generates
detailed game rules and mechanics accordingly [36]. [54] demonstrated that Al-generated quests are
often more detailed, creative, and immersive than those manually written, suggesting generative Al
enhances both efficiency and quality in quest design. In [39], AnimGPT, an Al model for character
animation, assists in the early-stage planning of character movements. Their findings indicate that Al
is streamlining pre-production workflows by automating complex design tasks that previously required
significant manual effort.

4.3. Generative Al used in the Production Stage

The research by [49] emphasized that Large Language Models are integral to procedural content
generation, particularly in game level design, where the novelty, playability, and diversity of generated
levels were accessed. The paper illustrated this by computing a model’s performance through the
proportion of levels that meet the criteria of novelty, playability, and diversity. The authors of [50,
31, 33, 48, 52, 55, 56, 57, 58, 59] discussed how generative Al like OpenAI’s GPT-4 Turbo and GPT-3.5
Turbo are utilized in developing game content. The work from [60] utilized MarioGPT to incorporate
reinforcement learning principles to iteratively improve game content by using this Language model to
fine-tune level structures dynamically, to ensure reward mechanisms maintainability to engaged players.
The findings highlight MarioGPT’ s ability to mutate and refine levels to ensure that generated content
remains engaging and functional by using BERT for inpainting enhances the seamless integration of
newly generated level sections.

Again,[61, 62] noted that pre-trained LLMs such as BERT perform comparably to specialized models
like block2vec in level generation tasks, offering the added advantage of natural language-based editing
without additional training. Similarly, [63, 64, 65, 35] explored how OpenATl’s GPT-3 and its variants, such
as text-davinci-003 and text-davinci-002, demonstrate the ability to generate playable and novel levels
even from minimal data inputs. Kumaran et al. [55] described an Interactive Dialogue Generator that
uses LLMs to produce multiple emotion-driven dialogue variations, allowing NPCs to react naturally to
player choices.[34, 36, 51, 52, 63, 66, 67] leveraged GPT-4 to generate real-time NPC responses, ensuring
unscripted yet coherent conversations. [68, 30] further emphasized that Al-driven dialogue generation



improves NPC realism, making in-game interactions more lifelike as NPCs can communicate with
players and acquire environmental information, making them more responsive and adaptable.

Lastly,[38, 41, 42, 67, 68] discussed the role of Stable Diffusion as an open-source Latent Diffusion
Model (LDM) that enhances the plan for creation of game assets, including character concepting,
textures, and environmental elements.

4.4. Generative Al used in the Post-Production Stage

The work of [32] used GPT-4 to evaluate the quality of game dialogues using criteria such as how well
they match characters and scenes, dialogue flow engagement showing how GenAl can support dialogue
evaluation in a more consistent way.

Generative Al is also useful for checking whether game logic works correctly. [28] applied language
models to validate text-based game logic using rules like logical consistency and correct structure.
This helps developers detect and fix errors in Virtual Game Description Language (VGDL) scripts
more efficiently, reducing the need for manual debugging. Beyond validation, Al is also applied in
code review. [69] introduced an Al-based code reviewer that checks game code for inconsistencies,
hallucinations, and deviations from design requirements. This agent not only flags potential errors
but also offers recommendations for refinement, ensuring that game code remains both efficient and
maintainable. Similarly, [62] proposed an Al-assisted method to track changes that cause test failures,
allowing developers to identify problems earlier in the development process.

Another important application is automated bug detection. [65] showed that large language models
can analyze descriptions of game events to detect potential bugs, achieving up to 70.66 percent accuracy.
This suggests that Al can support debugging and improve game stability. In addition, [59] explored
Al-generated voice interactions, showing how generated voice messages can enhance player immersion
and potentially adapt to player actions.

Overall, these studies show that Generative Al can support post-production tasks such as dialogue
evaluation, logic validation, code review, and bug detection. While these tools improve efficiency and
consistency, human involvement remains important to ensure reliability and quality.

4.5. Cross-Stage Patterns and Observations

Synthesizing findings across GDLC stages reveals three key patterns. First, there is a strong concen-
tration of research in Production-stage content generation, particularly in procedural level design
and dialogue systems. Pre-Production and Post-Production tasks receive comparatively less atten-
tion. Again, LLMs dominate narrative and dialogue tasks, while diffusion and GAN-based systems
are primarily used for visual asset generation. Machine learning enhanced PCG approaches span
multiple stages but are most prevalent in Production contexts. Lastly, evaluation practices across stages
remain largely academic. Most studies rely on controlled experiments, small-scale user evaluations, or
prototype demonstrations. Evidence of long-term deployment in commercial game studios is limited.
This suggests a translational gap between research innovation and industry adoption.

Across all stages, GenAl is most frequently positioned as a supportive tool within existing workflows
rather than as a fully autonomous system. While the technological capabilities of GenAl have advanced
rapidly, systematic integration into end-to-end development pipelines remains an open challenge.

5. Discussions

The findings show that Generative Al is explored across all three stages of the GDLC, but its integration
remains uneven and task-specific rather than fully integrated. While GenAl is used in Pre-Production,
Production, and Post-Production, the level of adoption differs across stages.

In the Pre-Production stage, GenAl mainly supports ideation and early creative work. Studies
highlight its use in concept development [31, 70], narrative and script generation [29, 36] and character
and environment design [29, 63]. These tools help speed up brainstorming and prototyping [42].



However, human oversight is still needed to refine outputs, ensure originality, and maintain coherence
[28]. GenAl is therefore used as a support tool rather than a replacement for designers.

The Production stage has the highest research activity. Many studies focus on PCG supported by
machine learning. GenAl is used for level generation, dialogue systems, and asset creation. Although
these tools reduce manual effort, they are usually applied to specific tasks rather than full systems.
Human involvement remains important to maintain artistic quality and “naturalness” [71]. This shows
that while GenAl improves scalability and variation, final decisions are still human-driven.

Post-Production applications are more limited. Some studies explore automated playtesting, balancing,
and adaptive difficulty, but fewer address debugging, quality assurance, and optimization. Human
roles are especially important in this stage for ensuring stability and validating player experience.
This suggests a gap in research, where more work is needed on automated debugging, testing, and
optimization using GenAL

Across all stages, several strengths and limitations are observed. GenAl performs well in generating
narrative elements and procedural world-building. However, challenges remain, including poor narrative
coherence [58], functional errors such as unintended player actions [45], and technical limitations
in procedural systems. These issues show that while generated content may appear valid, ensuring
consistency and correct behavior is still difficult.

Other challenges include the need for human refinement [42], logical inconsistencies due to weak
validation in PCG systems [28], and system limitations such as server load and bandwidth [72]. These
highlight the need for better control, validation, and integration with gameplay requirements.

Overall, GenAl is mostly used for isolated tasks rather than integrated workflows. While tools like
dialogue generators and level creators show promise, few studies present full end-to-end systems.
Concerns about consistency and reliability including hallucinations and prompt misinterpretation
further limit adoption in complex environments [51].

In summary, Generative Al in game development is still at an experimental stage, mainly supporting
specific tasks rather than transforming entire workflows. Future progress depends on improving
reliability, validation, and integration across the GDLC to enable more practical and scalable use.

6. Conclusions and Future Research Directions

This scoping review examined 61 studies published between 2020 and 2024 to understand how GenAl
is applied across the game development life cycle (GDLC). Using a life-cycle analytical framework, it
mapped techniques like LLMs, diffusion models, GANs, and machine learning-enhanced procedural
content generation across Pre-Production, Production, and Post-Production stages.

While GenAl is explored across all three stages, adoption remains uneven. Research is heavily
concentrated in Production — particularly level generation, NPC dialogue, and asset creation. Pre-
Production uses GenAl mainly to support creativity, while Post-Production tasks like testing, debugging,
and optimization remain largely underexplored. This reflects a stronger focus on content generation
than full life-cycle integration.

GenAl largely functions as an assistive tool, not a developer replacement. Human involvement
remains essential for refining outputs, maintaining quality, and ensuring gameplay logic. Most studies
are experimental prototypes, highlighting a gap between academic research and real-world industry
application.

Key challenges include narrative coherence, controllability, output variability, and hallucination — all
limiting reliability in complex workflows.

Future research should prioritize integrated multi-stage frameworks, interoperable pipelines, and
standardized evaluation benchmarks. Greater academia-industry collaboration is also needed. GenAl
holds strong potential for game development, but reliable, fully integrated solutions are still required.
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