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Abstract

Gamification has gained attention in education for their ability to enhance student engagement
through interactive elements such as storytelling, challenges, and rewards. However, their
widespread adoption is often hindered by the resource-intensive nature of development, which
requires expertise spanning pedagogy, game design, and technical implementation. Recent advances
in multimodal large language models (MLLMs) offer a promising avenue to address these
challenges by enabling collaborative support across textual, visual, and code-based game artifacts,
thereby reducing the time and effort required for serious game creation. In this work, we explore the
use of MLLMs to facilitate the design and implementation of EscapeDA, an escape-room-style
serious game prototype developed to promote pre-tutorial engagement in a computer science
module, Data Structures and Algorithms. Through multimodal interactions, the MLLM supports
narrative construction, challenge design, and implementation-level reasoning, assisting developers in
iteratively refining game mechanics and content. By gamifying tutorial materials, EscapeDA
encourages meaningful student interaction with learning resources, addressing low preparation and

participation commonly observed in flipped classroom settings. A pilot study demonstrates that
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MLLM-facilitated game development can effectively lower design barriers while supporting
engaging serious game experiences, highlighting the potential of multimodal LLMs to scale
gamification efforts in higher education.

Keyword: MLLMs, Gamification, Education.

I. Introduction

In recent years, gamification has gained significant traction in educational settings due to its ability
to enhance student engagement [18, 19, 25]. Among various gamification approaches, serious games
represent a prominent category that embeds educational objectives within game-based experiences.
By integrating instructional content with game elements such as storytelling, challenges, and
rewards, serious games transform traditional learning activities into interactive and enjoyable
experiences [3, 20]. Prior research has consistently identified student engagement as a critical factor
in academic success, and serious games offer an effective means of sustaining learner motivation
across diverse educational contexts [4]. Despite these advantages, the widespread adoption of serious
games in education remains limited, largely due to the substantial time, effort, and expertise required

for their design and development [33].

Designing an effective educational serious game is inherently complex and resource-intensive,
requiring expertise spanning pedagogy, game design, and technical implementation. Educators and
designers must carefully balance engaging gameplay with meaningful learning objectives through
iterative processes involving narrative construction, puzzle design, interface layout, and system
implementation. These high entry barriers discourage many educators from adopting serious games,
even in disciplines where sustaining student engagement is particularly challenging [24, 29]. In

higher education computer science programmes, for example, abstract and technically demanding
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topics such as data structures and algorithms often pose difficulties in maintaining student interest

and encouraging active participation.

Recent advances in large language models (LLMs), such as the GPT series, offer a promising avenue
to alleviate these development challenges. LLMs have demonstrated strong capabilities in creative
content generation, scenario construction, and interactive collaboration, enabling designers to rapidly
prototype narratives, puzzles, and instructional elements. Compared with traditional computer-aided
design tools, LLMs support flexible, conversational interaction with human designers, potentially
reducing development effort and accelerating iteration cycles. However, most existing applications
of LLMs in educational game development rely primarily on text-based interaction, which limits
their effectiveness in supporting serious game creation [10, 17]. Serious games inherently involve
multimodal artifacts, such as visual layouts, interface elements, and implementation code, and
ensuring alignment among these artifacts, gameplay mechanics, and educational objectives remains

a non-trivial challenge.

In this work, we investigate how multimodal large language models (MLLMs) can be leveraged to
facilitate the design and implementation of serious games in educational contexts. Specifically, we
employ GPT-4V (GPT-4 with vision), a multimodal LLM capable of jointly processing textual and
visual inputs, enabling integrated reasoning over narrative descriptions, game screenshots, and
implementation-level representations. By supporting multimodal interaction, the model provides
enhanced assistance throughout the serious game development pipeline, from narrative and puzzle

design to interface-aware and logic-consistent refinement.

We adopt a higher-education computer science module, Data Structures and Algorithms, as a case
study. This module is foundational in most computer science curricula and serves as a prerequisite

for advanced modules such as Operating Systems, Databases, and Artificial Intelligence, making
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sustained student engagement particularly important for long-term academic success. The module is
typically delivered through large-scale lectures complemented by smaller tutorial sessions (e.g., 20—
30 students per group) aimed at reinforcing conceptual understanding. A flipped classroom approach
is commonly employed, where students are expected to attempt tutorial questions prior to attending
sessions [2]. In practice, however, many students attend tutorials without sufficient preparation,

resulting in reduced participation and suboptimal learning outcomes.

To address this issue, we designed and developed EscapeDA, an escape-room-style serious game
prototype, leveraging GPT-4V to facilitate its design and implementation. During development, the
model was provided with both textual descriptions of learning objectives and game mechanics, as
well as visual artifacts such as screenshots of game scenes and user interfaces. EscapeDA embeds
tutorial content into interactive challenges, encouraging students to engage with learning materials
prior to tutorial sessions in a more engaging and structured manner. We further conducted a pilot
user study to evaluate the game’s design and its impact on student engagement. Our findings indicate
that GPT-4V—facilitated serious game development can substantially reduce design barriers while
fostering strong student involvement, highlighting the practical potential of multimodal LLMs to

support scalable serious game creation in higher education under constrained resources.

II. Related Work

Serious games, which combine educational objectives with engaging gameplay, have gained
significant attention in recent years as a transformative approach to education [18, 19, 25]. These
games integrate educational content with interactive storytelling, challenges, and rewards, aiming to
make the learning process more engaging and effective. Research has demonstrated that serious
games can enhance motivation [26], engagement [27], sense of achievement [11], knowledge

retention [25], and academic performance [22]. However, designing an effective educational game
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involves a multidisciplinary approach, combining expertise in pedagogy, game design, and software
development [33]. This complexity often makes the development process resource-intensive and
inaccessible for many educators and institutions, especially those with limited budgets or technical
capabilities. Another core challenge in serious game design is balancing educational objectives with
engaging gameplay [5]. Overemphasizing educational content can make the game feel like a
traditional learning task, reducing its appeal to students. On the other hand, focusing too much on
entertainment risks detracting from the educational value, resulting in a game that is fun to play but
ineffective as a learning tool [15]. Striking the right balance is critical to ensure that the game

captivates learners while still meeting its pedagogical goals.

Large language models (LLMs) have emerged as powerful tools to address some of these challenges
by streamlining game design and development processes. LLMs have shown potential in multiple
aspects of game design, including enhancing creativity [1], generating game levels [30], constructing
scenarios [14], and supporting game testing [23, 28]. For example, Virtinen et al. demonstrated that
a fine-tuned GPT-2 model could autonomously generate task descriptions for video games with
minimal human supervision [32]. Similarly, van Stegeren and Mysliwiec showed that GPT-2 could
replicate the structural and stylistic language of “World of Warcraft” tasks, illustrating LLMs’ ability
to produce domain-specific content [31]. By reducing the cognitive load on designers, LLMs enable

greater focus on higher-level creative tasks, thereby accelerating the game development process.

More recently, research has shifted to iterative interactions with LLMs to enable real-time and
dynamic game design. Lanzi et al. proposed a collaborative framework that integrates interactive
evolution with ChatGPT to simulate human-centered design processes, receiving positive feedback
from game designers [14]. S7milarly, Fulcini et al. investigated ChatGPT’s ability to devise

gamification strategies in a software engineering context. Their findings highlighted LLM’s utility in
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providing feedback and identifying design risks, but they also emphasized that the model still

requires significant human supervision to produce valid and complete solutions [8].

In educational contexts, LL.Ms have shown promise in supporting the development of serious games
by facilitating content generation and early-stage design exploration. Nevertheless, ensuring
alignment with learning objectives while maintaining learner engagement remains a significant
challenge [13]. Fotaris et al. investigated the use of LLMs within a design-thinking framework for
conceptualising serious games, but their study did not extend to the design or evaluation of a fully
implemented educational game [7]. Moreover, existing work has not examined how multimodal
LLMs, capable of reasoning over visual artefacts such as design diagrams and UI screenshots, can

support the end-to-end design and development of serious games.

Building on this gap, our work leverages multimodal LLMs (MLLMs), e.g., GPT-4 with vision
capabilities (GPT-4V) to design and develop an educational escape-room-style serious game
prototype for a computer science module on Data Structures and Algorithms. By enabling the model
to jointly reason over textual specifications and visual artefacts, such as level diagrams and interface
screenshots, our approach supports iterative game design and implementation, with the aim of

enhancing student engagement in pre-tutorial preparation.

III. Gamifying Educational Content with MLLMs

Game Design in Education Environment with MLLMs
As highlighted in [12, 21], design is generally a collaborative process aimed at solving
problems, beginning with a design brief that outlines the overarching goals. The process
unfolds in three phases: the divergent phase, where a range of potential ideas are generated to
explore various possibilities; the emergent phase, where these ideas are iteratively refined,

modified, and combined to produce innovative solutions; and the convergent phase, where the
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refined ideas are critically evaluated and finalized into a cohesive outcome. In educational
settings, the main challenge in game design lies in ensuring alignment with the intended
learning objectives. To address this, close coordination among course instructors, gamification

designers, and developers is essential throughout the design process, as shown in Figure 1.

— —
Instructor Designer Developer
Define learning Decide overall theme LLM-assisted
objectives Generate design ideas with LLM implementation

Design tuning

Figure 1. Proposed approach with roles and tasks

In the divergent phase, the instructor, who is well-versed in the educational content, begins by
listing the specific learning objectives. This step ensures that the gamified elements align with
the core learning goals. For example, if the objective is to help students understand an
algorithm's logic, the design should focus on fostering conceptual reasoning rather than
overwhelming students with coding tasks. These objectives are then shared with the
gamification designer, who selects a theme from an existing art asset library and crafts detailed
prompts for MLLMs to generate initial design ideas. The prompts are composed of four
components: background information about the subject, learning content, associated learning
objectives, and screenshots of the target game environment. These detailed inputs enable
LLMs to provide tailored and contextually relevant suggestions to be aligned with the learning
objectives, such as game mechanics, interactive challenges, and storylines that serve as a

foundation for the game's development.

In the emergent and convergent phrases, the instructor, designer, and developer collaborate to

refine and iterate on the MLLM-generated solutions. Leveraging on MLLMs, the solutions will
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be adapted to the educational context and resource constraints. For instance, if an initial idea
involves complex gameplay mechanics that may exceed development resources, MLLMs will
be prompted to suggest simpler alternatives that retain the intended educational value.
Case Study: The Design of EscapeDA

We applied this approach in designing a tutorial for the module “Data Structures and
Algorithms”. The specific tutorial was designed to deepen students’ understanding of two core
topics: the Depth-First Search (DFS) algorithm for graph traversal and Dynamic Programming
strategy. Each topic was paired with a practice question, detailed in Appendix A. For the DFS
question, the learning objective in the tutorial is to enhance students’ comprehension of the
algorithm’s logic by asking them to produce the sequence of nodes visited for a given graph
according to the DFS algorithm. For Dynamic Programming, the objective is to guide students

in applying the strategy of breaking down complex problems into smaller subproblems.

The game design and development team consisted of the module instructor, a gamification
researcher, and an undergraduate student hired as a part-time developer. GPT-4V was
employed to facilitate design and development. To boost student motivation and engagement,
the team avoided “shallow” gamification strategies, such as merely awarding points for correct
answers. Rather than relying on GPT-4V to generate the design from scratch, during the initial
divergent phase, the team decided on an escape room theme. This theme is particularly
effective for gamifying tutorial questions, as it enables each puzzle to be closely aligned with a
specific tutorial question. Furthermore, the escape room setup engaged students by motivating
them to solve puzzles to progress and earn rewards, making the game both enjoyable and goal-
oriented [6]. To further streamline the design process and narrow the scope of LLM-generated
solutions, the team opted for a 2D environment. This environment was chosen for its rich asset

library and flexibility, enabling efficient implementation.
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With the theme and environment chosen, prompts were crafted and passed to GPT-4V to
generate initial game design ideas. These prompts incorporated background information about
the tutorial, details of the tutorial questions (i.e., learning content), associated learning
objectives, and screenshots of the target game environment. An example of such a prompt is
provided in Appendix B. GPT-4V generated relevant and tailored design suggestions based on
these inputs. In the emergent and convergent phases, the design was iteratively refined, and

implementations were expedited using GPT-generated code snippets.

Facilitated by GPT-4V, we developed the educational game, EscapeDA, which is available as a
playable online demo'. Set in a mysterious dungeon, players assume the role of an explorer
navigating through puzzles and obstacles in an effort to escape. Following quests outlined in
an in-game notebook, players complete tasks to advance through each puzzle. In the first
puzzle as shown in Figure 2, players light candles in a specific sequence, simulating the Depth-
First Search (DFS) algorithm. Starting from an initial node, players light candles one by one as
they traverse deeper along a path. When they encounter a dead end, they backtrack and choose

an unexplored path.

e

Time to explore. What awaits me in
this dunggon?

&
b |

Move around with "A" and "D" ,
Left-click to interact.

! https://annoymaous.itch.io/dfs-and-dynamic-programming-tutorial
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Chapter 1

When you see candles with

numbers, follow this deepth first
Dungeon Survival map. Stari from 2210, in ‘ascending
or
Guide

with computer science

The order must be wrong. Let's
start over.

2024

Figure 2. Puzzle 1: Top-left shows the movement instructions in game Top-right shows the
player discovering a chest. Bottom-left is the ‘Dungeon Survival Guide’ which outlines the
task of lighting the candles in order. Bottom-right provides feedback when the candle-lighting

order is incorrect.

The second puzzle focuses on Dynamic Programming as shown in Figure 3, set within a
narrative involving potion mixing. Players are introduced to a puzzle where the number of
potions corresponds to the Fibonacci sequence. They are tasked with implementing a program

to calculate a specified Fibonacci number.

It one ingredient,

Press '1'to use the next one ingredient,
press '2' to use the next two.

fl121, 211, 112, 1111
(2]

It is locked. What is the combination?
Press "Tab"to close this window.
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Press '1'to use the next one ingredient, < alot of ingredients, there's
press '2'to use the next two. § N aray vou can manage them
Chapter 2 ot
computer
When you see a locked chest besides compiler like
a cauldron, brew some potions.

hittps:/itinyurl.comfonlineCCompiler

Use either 1.or 2 iny

|

|

{rﬁ'!too many gfn tger?n What m.do oo e which e i
: |

|

1

g o

Figure 3. Puzzle 2: Top-left shows the locked chest, prompting the player to input the correct
combination to unlock it. Top-right displays the potion-mixing interface, where the player
inputs potion combinations using the keyboard. Bottom-left alerts the player that the number of
potions entered exceeds the expected amount, asking what to do next. Bottom-right shows the
quest book which outlines the potion combination problem, introduces the Fibonacci sequence

concept, and presents the challenge of determining the number of combinations for 30 potions.

IV. Pilot study

We recruited 30 first-year students from a local university to participate in the study, aiming to
assess both the game design and the impact of EscapeDA on promoting student engagement in
tutorial preparation. These students were enrolled in the module “Data Structures and Algorithms”
and used the game to prepare for the tutorial of Depth First Search (DFS) and Dynamic
Programming before attending. The game was released to students one week before they attend the
tutorial session. After the gaming experience, students were asked to complete a questionnaire
consisting of two parts: one evaluating the game design to understand their intuitive feelings and
acceptance and the other assessing the learning experience to explore the actual impact and
mechanisms of the game on student engagement. A total of 21 valid responses were collected. Of

these participants, 61.90% were male and 38.10% were female, with an average age of 21.66 years.

11
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Game Design Evaluation

In this part, we utilized binary opposition word pairs to capture students' intuitive reactions to

various aspects of the game design [14]. To further quantify their attitudes and feelings, we

employed a 7-point Likert scale for detailed assessment. The evaluation criteria included the

following:

Obstructive or Supportive: This criterion assesses how the game design influences the
player's experience, focusing on whether it facilitates or hinders the achievement of game
objectives.

Complicated or Easy: This item evaluates the game’s complexity and usability, reflecting
its accessibility and the learning curve, which are particularly important for initial player
interactions.

Inefficient or Efficient: This criterion focuses on the efficiency of the game, particularly
whether the interface and mechanics enable players to complete tasks effectively.
Confusing or Clear: Clarity is central to game design; this item assesses whether the
game effectively communicates the rules and objectives to players.

Boring or Exciting: This item measures the entertainment value of the game, assessing its
ability to sustain interest and engagement.

Not Interesting or Interesting: This aspect examines the attractiveness of the game’s
content, particularly whether it sparked curiosity and encouraged exploration.
Conventional or Inventive: This item examines the innovativeness of the game design,
assessing whether the game offers a unique experience or follows industry norms.

Usual or Leading Edge: This criterion explores whether the game incorporates cutting-

edge technology or concepts, reflecting the advancement and modernity of its design.



International Journal of Information Technology =~ Vol. 31 No. 1 2025
As illustrated in Figure 4, the results show that most students responded positively to the game,
particularly in terms of its supportiveness, efficiency, entertainment value, and innovation. For
instance, 71% of the participants found the game innovative, indicating that the design offered
an enjoyable player experience, underlying the acceptance of the puzzle design provided by
LLMs. However, there is a significant divergence in evaluations of the game's complexity,
clarity, and some aspects of interactivity. These findings suggest a need for further refinement
to simplify gameplay, clarify objectives and rules, and enhance the game’s overall accessibility

and appeal, which further implies human effort is required to iteratively refine the design

generated by LLMs.
Obstrctive 19% 24% 57% Supportive
Complicated 48% 19% 33% Easy
Inefficient 29% 14% 57% Efficient
Confusing 52% 24% 24% Clear
Boring 29% 24% 48% Exciting
Not Interesting 29% 14% 57% Interesting
Convential 10% 19% 71% Inventitive
Usual 19% 29% 52% Leading Edge
Percentage
1 2 3 4 5 6 7

Figure 4. Game Design Evaluation
A. Engagement evaluation
The assessment of students’ engagement was divided into three dimensions: behavioral,
emotional, and cognitive engagement, encompassing a total of 27 questions [8]. Students rated
their responses on a 5-point scale. The specifics of the questionnaire design are as follows:
e Behavioral Engagement (BE1-BE4): This dimension assesses students' behaviors, such as
attentiveness and effort during gameplay, to quantify their level of participation and focus

in the game.

13
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Emotional Engagement (EE1-EE4): By understanding students' emotional responses to

the game, we assess the gamified tutorial content’s attractiveness and its effectiveness in

sparking enthusiasm for learning.

Cognitive Engagement (CE1-CES8): This dimension measures students' intrinsic thought

processes during learning, such as their ability to connect knowledge, construct meaning,

and engage in deep, reflective learning.

Item Question Mean | Std.

BE1 | I listen carefully in playing game. 3.857 | 1.062

BE2 | The first time I encounter a new topic, I listen very carefully. 4.190 | 0.750

BE3 | I work hard when starting something new in game session. 4.238 | 0.944

BE4 | I pay attention in game session. 4.429 | 0.870

EE1 | I enjoy learning new things in game session. 4.523 | 0.680

EE2 | When I work on something in game sessions, I feel interested. 4.571 | 0.676

EE3 | When I am in game session, I feel curious about what I am learning. 4.333 1 0.796

EE4 | The game session is fun. 3.714 | 1.419

CE1l | When completing tasks in game, I try to relate what I'm learning to | 4.190 | 0.178
what I already know.

CE2 | When I study in game, I try to connect what I am learning with my own | 4.238 | 1.044
experiences.

CE3 | I try to make all the different ideas fit together and make sense when I | 4.143 | 1.062
study in game.

CE4 | I make up my own examples to help me understand the important | 3.714 | 1.189
concepts I study in game.

CES5 | Before I begin to study in game, I think about what I want to get done. | 3.428 | 1.362

CE6 | When I’'m working on tasks, I stop once in a while and go over what I | 3.952 | 1.203
have been doing

CE7 | As I study in game, I keep track of how much I understand, not just if I | 3.667 | 1.197
am getting the right answers.

CES8 | If what I am working on is difficult to understand, I change the way I | 4.048 | 0.740
learn the material.

Table 1. Summary of Engagement Evaluation
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As shown in Table 1, the overall average scores for behavioral, emotional, and cognitive
engagement are high, indicating that participants were able to maintain focused attention,
experience positive emotions, and exhibit deep psychological involvement during the game-
based learning process. Moreover, participants consistently reported that the game had clear
learning objectives and strong relevance to the learning content, significantly enhancing the
learning experience. These findings underscore the importance of embedding well-defined

learning objectives into the prompts when designing educational games with MLLMs.

V. Conclusion

In this work, we leveraged MLLMs (e.g., GPT-4V) to design and develop EscapeDA, an educational
escape room game, to explore how MLLMs can reduce the resources required for serious game
design and development in the higher educational context. By utilizing GPT-4V’s capabilities, we
demonstrated a small team with limited resources could successfully create a serious game. The pilot
user study revealed that most students provided positive feedback on the game's design, reporting
high levels of behavioral, emotional, and cognitive engagement during gameplay. These findings
highlight that incorporating LLMs into the game design process not only aligns the game with
specific learning objectives but also enhances the student learning experience by creating an

engaging and interactive environment.

Looking ahead, future research will focus on refining the application of LLMs in educational game
development. Specifically, we plan to develop a dedicated tool to facilitate the gamification of
learning objectives and content, integrating the insights derived from this study. Additionally, we
aim to conduct long-term user studies to evaluate the sustained effects of gameplay on learning

outcomes and student engagement once a fully developed game is deployed.
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Appendix

A. Tutorial Questions to be Gamified
Question 1. Give a pseudocode of finding a simple path connecting two given vertices in an
undirected graph by Depth-First-Search.
Question 2. Give a pseudocode of finding the Fibonacci number for a given n by using
Dynamic Programming strategy.

B. An example of prompt
You are a gamification designer, provide a gamification idea for the given tutorial question for
the first-year students enrolled in the module of Data Structure and Algorithm. The idea needs
to stick with the learning objectives, fits the given theme and is practical to implement. Use of
what available in the given environment as much as possible.
Question: Give a pseudocode of finding a simple path connecting two given vertices in an
undirected graph by Depth-First-Search.
Learning Objectives: Deepen students’ understanding of the Depth-First-Search Algorithm by
practicing the algorithm.

Theme:




