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Abstract
The rapid advancement of Generative AI has introduced new opportunities
in game design by enabling dynamic content generation during
runtime. While dynamic-generative games offer rich and adaptive
player experiences, designing such games presents unique challenges:
ensuring contextual coherence and mitigating the uncertainty of the
generative models. We present OzWon, a dynamic-generative game
co-directed by a human Game Master (GM) and a generative AI
agent. OzWon is a text-driven role-playing game in which players
freely interact with the game by declaring their actions through text
inputs. The LLM-based system interprets players’ actions, generates
output dialogues, and systematically progresses the game scenario.
OzWon introduces a dedicated runtime authorization framework
that allows the GM to efficiently supervise and revise dynamically
generated content. We conducted a user study involving 22 participants
to observe how GMs and the players engage with the dynamic-
generative gameplay under our framework. Our qualitative findings
identify four distinctive authorization strategies, revealing how users
perceive and behave in co-directing the dynamic-generative gameplay
with the AI system.
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1 Introduction
The recent advancement of generative AI has led to the emergence of
entirely new forms of digital games, where the content is dynamically
generated on demand at runtime. Instead of providing a set of
pre-defined choices, the dynamic-generative game system enables
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players’ spontaneous behaviors by generating responsive content at
runtime, providing high player agency and personalized experience.
However, designing a plausible player experience in dynamic-generative
games poses a unique challenge due to an inherent technical limitation
of generative AIs. It is virtually impossible to guarantee the quality of
the runtime-generated components. Ensuring that generated content
aligns with the game’s context requires dedicated logical and contextual
constraints, which degrade output quality in high chance [3, 4].
Moreover, generation delays caused by multiple rounds of validation
and refinement severely interrupt the player experience.

In this work, we explore designs to leverage human–AI co-authorization
to overcome the aforementioned challenges of dynamic generative
games while providing engaging authorizing experiences. We present
Oz-in-Wonderland (OzWon), a text-driven role-playing adventure
game co-directed by a human Game Master (GM) and a Large
Language Model (LLM) agent. The LLM agent functions as the core
system, not only producing narration and dialogue but also executing
system behaviors such as changing scenes, updating player states,
and playing interactable events. The player progresses through the
game by freely declaring their actions through text inputs, and the
system generates the corresponding outputs in a turn-based manner.

Inspired by the TableTop Role-playing Game (TRPG), we incorporated
GM user as a unique role who participates in the gameplay along
with the player. The GM supervises the runtime-generated content
and improvisationally co-directs the scenario. Before the generated
output is delivered to the player, the GM pre-reviews and revises
the output, fixing potential errors and modifying content in cases to
direct gameplay in a plausible flow. By developing OzWon, we
investigate design strategies for i) supporting users in properly
authorizing the dynamic-generative games and ii) directing generative
models to provide engaging game content under human-AI co-
authorization.

To examine the authorization behaviors and user experiences
during actual gameplays, we conducted a user study involving 22
participants (11 GMs and 11 players), where each GM-player pair
played an exemplary scenario through the OzWon system. The
majority of participants enjoyed the gameplay and were able to
successfully progress through the scenario, even when the generative
system produced critical errors, including logical inconsistencies
and hallucinations. Through in-depth observation and qualitative
analysis, we identified distinct authorization strategies of GM participants
and players’ varying expectations addressing both emergence and
controllability. Based on our study results, we discuss broader design
implications for supporting runtime authorization for dynamic-generative
systems and providing a satisfying player experience in generative
games.
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2 Related Work
2.1 Dynamic Content Generation
For decades, game design has explored dynamic content generation
to enhance player agency and enrich gameplay by providing a
variety of interactive content during playtime. Procedural Content
Generation (PCG) is a prominent approach to automatically generate
multiple variations of context-specific game content [29]. Beyond
efficiently generating extensive content, PCG is widely adopted
to provide a variety of content during runtime. Rogue [12] is a
representative game that provided dynamically generated content at
an early stage, where the level structures, enemies, and items are all
randomly generated at each playthrough.

Recent advances in AI techniques have enabled real-time generation
of sophisticated multi-modal components involving design artifacts
and interactive behaviors. Generative models enable systems to
produce assets adapted to various game contexts without a dedicated
training dataset, allowing runtime generation of multi-modal assets
including 3D meshes and textures [10, 25, 26, 35]. Moreover, LLMs
provide systems with the ability to deeply reason about dynamic
scenes, player interactions, and game mechanics, facilitating the
generation of design elements including narratives and quests [2,
20, 31, 37]. Multiple studies further extend the scope of dynamic
content through interactive behavior generation. Park et al. [24]
provided an initial generative framework where the multiple LLM-
powered agents dynamically plan their behaviors and spontaneously
interact with the game environment in runtime. LLMR [9] presented
a holistic Mixed Reality framework for runtime generation and
modification of interactive 3D scenes. GROMIT [14] developed a
runtime behavior generation system where users can dynamically
create interactions within the virtual scene. DreamGarden [11] presented
a system that hierarchically plans and generates an interactive scene
from a high-level user prompt. Such works involve multiple sequential
LLM modules to interpret user input, understand scene context, plan
for the generated structure, generate multi-modal components for
the output (including codes and assets), and iteratively debug the
final output.

However, runtime generation still reports high rates of failures and
requires large latency in the LLM-driven iterative refinement process.
Previous work reported an average latency of about 90 seconds
for a single prompt in asset generation, with even longer delays
around 170 seconds for processing sequential prompts [9], which
would substantially degrade player experience in a game context.
Our work aims to provide a practically satisfying user experience
with dynamic generation by involving real-time refinement through
human-AI cooperation. We investigate designs to efficiently support
GM users in verifying and revising the AI generation.

2.2 Authorizing Generative AIs
Despite its transformative ability in providing extensive content on
demand, dynamic generation involves an inherent risk of uncertainty
that the designers cannot completely control the content generated
at runtime. Studies frequently report that LLMs have a high chance
of hallucination and errors when the logical complexity of the
context grows, which is also a common issue in game content
generation [27]. Diverse research tackles such limitations through
technical improvements. Retrieval-Augmented Generation (RAG) [19]

and Chain-of-Though (CoT) [33] methods are well-known techniques
to minimize uncertainty in LLM reasoning. Constrained generation
approaches improve the reasoning capability of the LLMs by providing
strict generation constraints to the models through dedicated decoding [4,
5]. Several studies present iterative LLM module structures to identify
errors or self-verify the result [15, 16, 30, 34].

Recent research in the HCI domain investigates systems to support
users in authorizing AI-generated results. Diverse studies explore
interface designs that help users understand the generation space and
efficiently realize their design intents through iterative refinement
processes, including adjusting parameters and partially modifying
the output [9, 11, 17, 32, 36]. Research including Guzdial et al.
explored mixed-initiative level design system that enables users to
sequentially achieve their design goals in a turn-based co-creation
procedure with AI agents [1, 8, 13]. Reza et al. provided a writing
interface that enables users to rapidly explore multiple generative
variants and refine their creation [28]. Lu et al. presented a visualized
interface to support users in properly predicting runtime behaviors
and authorizing complex interactive narrative space co-generated
with an LLM agent [20].

Following such a line of work, OzWon applies a runtime authorization
interface to the dynamic-generative game system. We delegate complex
decisions occurring in runtime generation to human users, considering
that such context-specific judgment lies beyond the capability of the
current AI techniques. We separated the roles between the GM and
the player user, encouraging GM users’ manual authorization to be
performed in a playful manner while ensuring players engage in the
gameplay without being aware of the AI performance.

3 System Overview
OzWon is a text-driven role-playing adventure game that progresses
in a turn-based manner. The player and the GM participate in the
session together through dedicated clients. The player client consists
of a text input interface, a dialogue window, and a 2D scene image
(Figure 1-A). At each turn, the player declares their behavior through
a text input, which is sent to both the GM client and the LLM-
powered generator server. The generator takes the player’s input
along with the current scene information, the overall scenario, and
the ongoing game progress.

Upon the generation, the output is first sent to the GM client. The
GM reviews it and decides whether to accept or revise (Figure 1-C).
For the revision, the GM may directly modify the text or regenerate
the entire output (Figure 1-D, details in Section 4.3). As the GM
finalizes the revision and confirms the output, the player receives
the result. The player client displays narrations and dialogues, while
executing system events according to the output (Figure 1-B). For
instance, when the player declares "I will take the cookie", the
narration "You put the cookie in your pocket" is displayed, a cookie
item pop-up appears on the screen, and the player’s inventory is
updated with the cookie item. The generative system primarilly
produces outputs to direct the player into a predefined scenario. The
scenario is constructed through the GM client before the gameplay.



Balancing Emergence and Controllability of Dynamic-Generative Games through Human-AI Co-Authorization CHI ’26, April 13–17, 2026, Barcelona, Spain

Figure 1: Player and GM clients’ screens. A) Idle player client interface, displaying narration and a text input interface. B) NPC portrait and dialogue
bubbles are displayed when the player is talking with NPCs. C) The generation output is sent to GM client, waiting for them to decide whether to accept
or revise. D) Revision menu of the GM client. The GM is given three options: directly modifying the output text, running automatic regeneration based
on AI-generated suggestions (blue and red buttons), or manually entering a request prompt for the regeneration.

4 System Design
4.1 Generative Modules
The generator consists of two consecutive LLM modules: the output
generator and the validator. The generated output consists of narrative
output, system output, and suggestions for the GM. The narrative
output includes the narration and the NPC dialogues that are directly
delivered to the player. The system output consists of the system-
interpreted keywords, including player action, target of the action,
action result, and triggered events. Once the output is generated, the
validator module verifies system-level errors.

The generative system of OzWon interprets the gameplay context
organized by scene-level units where the player is currently located.
The scene defines the list of interactive components (NPCs, items,
and events) associated with the scene. Each component includes
a short descriptive text and an instruction for the generator agent.
Figure 2 illustrates an example of the component structure.

We employed the GPT-5-mini model [23] for the generator and
GPT-o4-mini [22] for the validator after iterative prototyping cycles.
For the image generation (utilized at scenario construction and
playtime component generation), we adopted the DALL-E 3 model [21].
In order to minimize generation latency, we streamlined the generator
module to include only the generation and validation stages. The full
generation process of our architecture takes around 30 seconds.

Figure 2: An example scene component utilized in the OzWon system. A
scene includes a background image sprite, a default description, a list of
interactive components (e.g., NPCs, items, events), and the instructions
for the generator module.

4.2 Player Action Interpretation
For each player input, the system identifies the type of attempted
player action, its target, and the resulting outcome. The outcomes
are generated based on the scenario and the gameplay context. The
generator primarily determines action results following the scenario-
defined instructions; if a specific intended action is provided in the
scenario, the system produces the predefined results. Otherwise,
the system accepts logically feasible actions within the context
and generates corresponding results. Implausible or contextually
impossible actions are evaluated as failure. When the system detects
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any action that conflicts with the scenario, it requests the GM’s
judgment.

4.3 Authorization Interface
As illustrated in Figure 1-C, the GM can choose to either confirm or
revise the generated output at each turn. Choosing Accept delivers
the generated output directly to the player, while choosing Revision
transitions to the dedicated revision menu. Exceptionally, when the
generator requests GM judgment, the GM is forced to review and
revise the result.

For the revision, the GM is provided three revision options: direct
modification, automatic regeneration with suggestions, and manual
regeneration with revision requests. Direct modification allows the
user to manually edit the narration and dialogue texts. Automatic
regeneration provides two automatically regenerated suggestions.
Specifically, one of the suggestions guides the player toward the next
intended behavior in the scenario, while the other one encourages
a diversified player action independent of the scenario. Manual
regeneration enables the user to prompt their own revision request
to the generator. Regeneration proceeds in a similar manner to the
initial generation, involving output generator and validator modules,
typically taking about 30 seconds in generation.

5 User Study
5.1 Settings
5.1.1 Participants. We recruited 11 GMs and 11 player participants
through an online survey posted in online game communities and
social networks. Since the GM and player roles differ, we separately
recruited participants for each group. All participants were aged
between 21-34 (mean=26.82, SD=3.65). 13 participants identified
as female, and the remaining 9 as male. During recruitment, the
participants submitted a survey measuring their level of experience
with generative AIs (e.g., LLM usage) and games in a 5-point
Likert scale, and their previous TRPG experiences. Every participant
possessed a certain level of experience in playing digital games.
Additionally, we checked whether the GM and player in each session
had a preexisting acquaintance. All participants were South Korean
nationals, and both the play sessions and interviews were conducted
in Korean. We translated the narrative texts from the play sessions
and the interview data into English in the paper. We detail the
participant demographics in Table .

5.1.2 Procedure. The study was conducted online via Zoom sessions.
Each session lasted for 75 minutes. During the first 15 minutes, the
GM participates in the session alone. Prior to the experiment, the
GM participants were given the game scenario and freely took time
to review it. After joining the session, the GM was guided to decide
the expected scenario progression, instructed about the authorization
interface, and familiarized themselves with the experimental tasks
through a short tutorial.

After completing the GM tutorial, the player enters the session,
and the two participants engage in 45 minutes of gameplay. Players
were encouraged to complete the scenario in a free manner. The GMs
were guided to authorize AI outputs to properly support the player
in completing the game. The GM was set free to decide whether and
how to revise the AI outcomes. Participants were allowed to freely

communicate and coordinate strategies for the gameplay. However,
we restricted GMs from directly revealing the scenario to the player.
Finally, we conducted a 10-minute semi-structured interview and
instructed each participant to complete a post-study survey about
their gameplay experience and system usability. The entire session
was recorded with consent.

5.1.3 Game Scenario. We provided a single pre-defined scenario
in the study to ensure consistency. The provided scenario features an
adventure game themed around Alice-in-Wonderland [7] composed
of five scenes. The player could clear the scenario by completing
eight key events. Through an internal pilot run within the research
group, we estimated the scenario completion time to be 15 minutes.
However, this turned out to be a mistake, since only four pairs
succeeded in clearing during the 45-minute session.

5.2 Results and Findings
5.2.1 Measurement and Analysis. To investigate participants’
gameplay progression and authorization patterns, we conducted a
comprehensive analysis of system logs and interpreted user behaviors.
For the qualitative analysis, we conducted a thematic analysis [6]
of the interview transcripts and the open-ended responses from the
post-study survey. The first author led the analysis procedure and
conducted open coding of the interview transcripts. Subsequently,
two authors with over five years of HCI research experience identified
the resulting themes through multiple rounds of discussion.

5.2.2 Overall Gameplay Trends. The play session proceeded for
20.64 turns on average (SD=4.59, MIN=15, MAX=29). The GMs
revised about half of the results, accepting 9.27 (SD=3.82) turns
and revising 11.36 (6.33) turns on average. We detail the values in
Table 2. We observed substantial variance in both the total number
of turns and the time spent per turn across sessions. The average
time spent per turn was 113.98 seconds (SD=61.31), with an average
of 36.42 seconds (SD=9.10) of generation delays. The GM’s result
revision process took 71.54 seconds on average (SD=53.85).

Among the participants, 4 pairs cleared the scenario (P2, 6, 7,
and 10) while the others failed to proceed to the end. In general, the
pairs who cleared the scenario proceeded a larger number of turns
than the average: P6, 7, and 10 proceeded 25, 29, and 27 turns each.
Exceptionally, P2 completed the scenario in 17 turns.

5.2.3 GMs’ Authorization Strategies. We identified four representative
strategies in the GMs’ authorization. Below, we describe the key
criteria of GMs for choosing revisions and the methods they employ.

Correcting errors in the generated output. The most common
reason for revision was to correct the explicit errors in the generation.
This included sentence errors where the narration or dialogue
contains incorrect grammar or awkward expressions, and the logical
errors where the agent misinterprets the player action or the context.
The GMs mostly preferred to manually correct the explicit sentence
errors, while they utilized regeneration to fix the logical errors.
Interestingly, all participants (11/11) detected and corrected sentence
errors in NPC dialogues, while the errors in narration were modified
relatively less (6/11). We observed that all GMs accepted at least
once a narration containing an explicit sentence error (e.g., inconsistent
honorific expressions, syntax errors, or disclosure of system terms).
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Table 1: Participant demographics. The GM and PL on the same row participated together in the session.

Id AI
Knowledge

TRPG
Experience Id AI

Knowledge
TRPG

Experience
Prior

Acquaintance

GM1 2 No PL1 2 Player & Master Yes
GM2 2 Player PL2 2 Player Yes
GM3 5 No PL3 2 No Yes
GM4 2 Player & Master PL4 2 No Yes
GM5 2 Player PL5 1 No Yes
GM6 5 Player PL6 4 No Yes
GM7 2 No PL7 3 No Yes
GM8 4 No PL8 3 No No
GM9 3 No PL9 2 No Yes
GM10 4 Player PL10 4 Player No
GM11 3 Player PL11 2 Player No

Total Turns Accepted Turns (%) Revised Turns (%) Regenerated Turns (%)
All 20.63 44.93 55.06 29.52
Cleared groups 24.5 38.78 61.22 38.78
Non-cleared groups 18.42 49.61 50.39 22.48

Table 2: General trends of GM authorization. The values denote the average number of turns and percentage of GMs’ authorization decisions in each
group. Note that the turns utilizing regeneration were also included in the revised turns.

Guiding player toward the scenario. The majority of the GMs
(GM1, 3-11) frequently revised the outcomes to provide guidance
for the player toward the intended scenario. Interestingly, the way
to provide guidance varied across the participants. As an illustrative
case, in the first scene, the player has to drink the potion on the desk,
which makes their body shrink, and then enter the small door on
the wall. In this scene, most GMs provided guidance to the player
through their own unique approaches. GM1 added an explicit hint
through regeneration, notifying that drinking the potion might make
your body smaller enough to enter the small door. On the other
hand, GM8 replaced the generator’s direct suggestion—drinking the
potion might help—with a more implicit cue: The glass bottle on the
desk glimmers in the sunlight. GM4, instead of describing the potion
through narration, added the description you find an illustration of
a pink glass bottle among the books on the shelf when the player
examined the bookshelf. They then induced the player to discover
information about the potion through the book.

Encouraging player to explore. We observed that some of the
GMs (GM4-6 and 8-11) also continuously revised the output to
remove the scenario-related components and encourage players to
explore more. This type of revision was carried out in two main
ways. The first group of participants (GM4-5, 8, and 11) directly
removed or replaced explicit scenario-inducing cues in the narration
text. The others (GM6 and 9-10) utilized regeneration; interestingly,
in these cases, they consistently began by manually removing the
undesired cues and then specified what should be regenerated in
their place.

Creatively modifying the output. Another frequent way of
authorization among the GMs was to proceed with the scenario into
their own creative intents by adding descriptions or interactions that
do not exist in the original scenario. For instance, GM10 attempted

to recreate the NPC’s personality by requesting, ’let the heart queen
speak in a southwestern dialect, and add a huge laughter at the
end of the dialogue.’ Notably, several participants actively utilized
manual regeneration (GM4, 6-7, and 9-11) to add their creative
intent. In some cases, the GMs created original narratives in order to
guide the player through the scenario. For instance, GM7 included
the phrase You hear the footsteps of trump soldiers approaching to
catch you to encourage the player to quickly exit a scene that had
already been explored.

The major authorization strategies considerably varied between
individual participants. For instance, GM4 and GM8 refrained from
triggering the regeneration feature and manually edited most of
the outputs. When asked for the reason, they responded that they
chose to directly revise the output to minimize delays in each turn.
GM3 added: "If the generation time had been within 5–10 seconds,
I probably would have actively tried the regeneration. But (in the
study,) since the generation already took quite a while, I fixed (the
results) directly to complete it faster.". In contrast, GM9 and GM10
frequently utilized regeneration in most cases, even when correcting
the sentence errors; GM9 utilized regeneration for every revision,
and GM10 employed regeneration 19 times out of 21 revision
instances.

On the other hand, GM2 showed a high acceptance of the generated
results, accepting 14 outputs among the total 17 turns, even when the
narrative output included explicitly low sentence quality (e.g., the
narration text reveals a system keyword to the player). Nevertheless,
PL2 successfully completed the game in relatively few turns and
reported in the post-session interview that they did not notice any
significant issues in the narrative text.

5.2.4 Player Experiences. We were delighted that all 22 participants
explicitly indicated that the play session was interesting and enjoyable.
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Several groups (P3-4, P6, P8, and P10) even asked if they could play
the session once again, apart from the experiment. The participants
commonly appreciated a strong sense of player agency, emergent
experiences, and high levels of immersion. GMs also expressed
enjoyment in that the session felt more like a collaborative gameplay
experience rather than completing a task. In particular, GM participants
highlighted a distinct sense of experience in that they enjoyed the
sense of creatively driving the scenario (GM6, 8-10) and providing
a playful experience for the player (GM3 and 11): "Being a game
master seems even more fun than being a player. I can control the
situation as I want, and the AI provides the initial suggestions so
that I can keep (proceeding in the game) with enjoyment." (GM9).
However, a majority of GM participants also expressed common
frustration related to generation delays. Five of them (GM4-6, 9-10)
reported that they were unable to authorize the scenario as they
wanted due to the concern about making players wait too long.

5.2.5 System Usability. Overall, users evaluated OzWon as having
appropriate system usability and provided high scores on the System
Usability Scale [18]; 83.64 for players and 74.32 for GMs on average.
When we asked about the most critical aspect degrading the usability,
the majority of the participants (6 players and 8 GMs) mentioned the
long delay of the turn progression. Compared to player participants,
GMs expressed greater difficulty with system usage, commonly
noting that it was hard to revise outputs when the AI failed to produce
intended results (GM3-4, GM6-7, and GM9).

6 Discussion
6.1 Effect of Employing Human Supervisor to

Co-Direct the Dynamic-Generative Gameplay
We identified that the GM played a critical role in making highly
context-specific decisions that are beyond the reasoning capabilities
of the generative AI system. Our study showed an overall tendency
that the GM user’s performance significantly influences the success
of the gameplay. The groups that cleared the game progressed a
higher number of total turns (which implies they spent less time
understanding and revising outputs), and more frequently utilized
revision and regeneration compared to the groups that did not. GMs
in successful groups were often good at recognizing the misleading
caused by the sequential hallucination of the generative system and
effectively guided the players back to the desired scenario.

6.2 Design Implications
6.2.1 Effects of multiple authorization methods. We suggest offering
multiple authorization methods and tailored suggestions to better
support users’ varying authorization intents. The participants in
our study commonly preferred regeneration with manual prompts
instead of adopting the suggestions offered by the LLM-driven
generator when they had specific regeneration intents. AI-generated
suggestions were limited in supporting specific tasks, but were
successful in providing effective alternatives when resolving explicit
system-level errors that human supervisors face difficulties in revising.

6.2.2 Minimizing generation latency. The generation latency has
a crucial impact on both GM and player experiences. In our study,
most participants reported that generation latency (36.42 seconds per
generation) was the primary source of frustration in their experience.

This tendency was more remarkable among GM participants, as
some of them attempted to complete authorization as quickly as
possible, considering that the generation had already taken a long
delay. GM9 stated that they would "rather have shorter generation
time in exchange for reduced quality", in that they could manually
improve the final output if they were provided longer authorization
time.

Unfortunately, within our current exploration, it is difficult to
realize such a tradeoff below a certain latency. Generating outputs
that are executable at the system level inherently takes a considerable
amount of time, as it involves sequential logical reasoning involving
understanding the game context and verifying the validity of the
system-level output. We consider that further improvements in generation
latency are constrained by the current technical capabilities of LLMs.
Nevertheless, we emphasize that minimizing generation latency as
much as possible is indispensable for ensuring both the quality of
authorization and the player experience. Future works may explore
dedicated methods to achieve an optimal balance between generation
delay and output quality.

6.3 Limitations
6.3.1 Limitation in participant size and demographics. The number
of participants was relatively small, which restricts the statistical
robustness of the results. The system may have included language-
specific limitations that could influence both the performance of the
model and the participants’ experiences.

6.3.2 Constraints in study settings. The constraints in the user
study settings might have posed limitations in the results. The
playtime provided during the experiment was relatively short, inducing
many participants to primarily concentrate on completing the scenario
within the allotted time rather than proceeding with the game in a
free manner. This time pressure may have also introduced negative
effects on the player experience.

7 Conclusion
We present OzWon, a dynamic generative game co-directed by a
human Game Master and a generative AI agent. We demonstrate how
human–AI co-authorization can serve as a viable design strategy
to address these challenges, balancing system controllability with
emergence to provide high player agency and improvisational richness.
Our work not only illustrates the feasibility of creating engaging
player experiences under these constraints but also offers design
insights for future dynamic-generative systems that aspire to combine
the creativity of AI with the discernment of human guidance.
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