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Abstract

This paper explores adaptive problem solving with a game de-
signed to support the development of problem-solving skills.
Using an adaptive, Al-powered puzzle game, our adaptive
problem-solving system dynamically generates pathfinding-
based puzzles using a genetic algorithm, tailoring the diffi-
culty of each puzzle to individual players in an online real-
time approach. A player-modeling system records user in-
teractions and informs the generation of puzzles to approx-
imate a target difficulty level based on various metrics of
the player. By combining procedural content generation with
online adaptive difficulty adjustment, the system aims to
maintain engagement, mitigate frustration, and maintain an
optimal level of challenge. A pilot user study investigates
the effectiveness of this approach, comparing different types
of adaptive difficulty systems and interpreting players’ re-
sponses. This work lays the foundation for further research
into emotionally informed player models, advanced Al tech-
niques for adaptivity, and broader applications beyond gam-
ing in educational settings.

Introduction

The increased prevalence of online learning intensified is-
sues in students, such as anxiety, stress, and a lack of con-
fidence in learners (Adnan and Anwar 2020). These online
learning based issues have become increasingly prominent,
as the absence of face-to-face interaction and personalized
support can magnify feelings of isolation and frustration.
Traditional online learning environments often adopt a one-
size-fits-all approach, failing to account for the diverse emo-
tional and cognitive needs of students (Sit et al. 2005).
Recently, research on improving various e-learning ele-
ments have gained immense traction, due to the increasing
access to technologically-based tools at a large scale. This
holds particularly true considering the rapid advancement
of artificial intelligence (AI) technologies and various inte-
grations for the Internet of Things (IoT), challenging long-
standing traditional models of education. Many of these
technological advancements were bred from the COVID-
19 pandemic, in which education was forcibly shifted from
in-person, classroom-based instruction to online and virtual
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spaces. As such, a growing need for scalable, robust, and
user-centric educational tools has been recognized.

Virtual learning environments are often identified by ex-
plicitly defined information spaces, integrating heteroge-
neous technologies and pedagogical approaches with the
overarching goal of aiding some form of education (Dillen-
bourg, Schneider, and Synteta 2002). These defined infor-
mation spaces can be presented in many forms, including
websites, standalone interactive software, or even serious
games (Garcia-Redondo et al. 2019). Virtual learning envi-
ronments can often be extended to incorporate Al technolo-
gies, such as procedural content generation (PCG) (Shaker,
Togelius, and Nelson 2016). PCG techniques can be used to
create digital content in real time, which when paired with
some form of player or user modeling, can produce adaptive
and dynamic systems that adapt to users’ needs.

A common method for creating procedurally generated
content is genetic algorithms (GA), in which a process mim-
icking biological evolution is used to find and optimize so-
lutions to various problems (Mitsis et al. 2020). These algo-
rithms are based on natural selection, in which a population
of individual candidate solutions is modified over many it-
erations, eventually “evolving” towards an optimal solution
(Scirea 2020).

In this research, we present an Adaptive Problem-Solving
Game (APSG), powered by GA and player modeling, in
which puzzles are dynamically generated to be tailored to
each individual student’s difficulty level. The novelty lies in
its integration of a genetic algorithm with “real-time” puzzle
generation, tailored to individual skill levels, unlike tradi-
tional adaptive systems which rely solely on offline analysis.
Our research addresses three core research questions:

* RQ1: Does a real-time genetic algorithm-based puzzle-
generation system, informed by player modeling metrics,
reduce player frustration more effectively compared to
similar approaches?

* RQ2: Do puzzles dynamically generated by a cus-
tomized genetic algorithm informed by real-time player
interactions align closely with players’ perceived optimal
difficulty and provide a clear sense of skill progression?

* RQ3: When dynamically adjusting puzzle difficulty in
real-time, is “time-on-task* alone sufficient to accurately
inform the adaptive puzzle-generation process, compared



to using multiple player metrics?

The paper’s primary contribution is a comparative evalu-
ation of adaptive-difficulty approaches, accompanied by an
analysis of how players respond to each one. Its secondary
contribution is the design of an adaptive puzzle generator
that produces tasks across a calibrated difficulty spectrum
by means of a customized genetic algorithm.

Related Works

It is well known that personalized learning materials, partic-
ularly in the form of one-on-one tutoring is extremely ben-
eficial to educational success (Bloom 1984). Under the best
learning conditions that can be devised (personalized tutor-
ing), the average student is two standard deviations above
the average control student taught under conventional meth-
ods (Bloom 1984). However, the cost of personalized edu-
cation can often be costly, time consuming, and emotionally
draining (Sharif and Elmedany 2022). Higher levels of tech-
nological adaptation in the education sector can have sig-
nificant impact as it can mitigate common issues with large
scale education such as increasing numbers of students, lim-
ited public funding, and increased demand for higher-quality
education (Sharif and Elmedany 2022).

This holds particularly true for online-based education,
which has often been forced upon students as part of the
new post-pandemic norm. A study by W.H. Sit et al. ex-
plored students’ views of online learning initiatives, eval-
uating both the positive and negative experiences of stu-
dents. They found that while most students were generally
on board with online-based education, as it provides time-
saving and easy access to material, they desired more per-
sonalized learning materials and wished for a more interac-
tive system (Sit et al. 2005).

Al has been the topic of many recent research studies,
particularly in its relation to education, serious games, and
online learning. There exist a multitude of varying tech-
niques, which when used effectively, can improve educa-
tional standards (Holmes and Tuomi 2022). Algorithmic ap-
proaches, such as rule-based Al (Swiechowski and Slezak
2018) or biologically-inspired genetic algorithms (Darejeh
et al. 2024; Scirea 2020) can provide heuristic-based ap-
proaches to both content delivery, and adaptivity. Machine
learning (ML) based approaches (Ciolacu and Svasta 2021;
Sharif and Elmedany 2022) tend to focus on data-driven
models, in which large amounts of data are used to model
information surrounding students or players, or analyze var-
ious feedback mechanisms in the learning pipeline. Rein-
forcement learning (RL) approaches (Flores, Alfaro, and
Herrera 2019; Kardan and Speily 2010) provide Al systems
which can be trained to dynamically adjust learning path-
ways or game mechanics based on reward-based, trial-and-
error interactions. Further, there exists Hybrid models which
can either use multiple Al-approaches in tandem, or, pick
and choose various individual system components tailored
towards specific needs, leveraging the strengths of each,
such as rule-based systems for initial scaffolding and ML
models for fine-tuned personalization (Hare, Tang, and Zhu
2023).

Garavaglia et al. (2022) proposed personality-biased
agents, powered by algorithmically based Al frameworks,
that can dynamically adapt their content based on the user’s
current state. They showcase forms of player modeling, in
which emotional states of the user can be analytically read
and consequently examined, to update the Al system ac-
cordingly. Al techniques have further been used for learning
analytics for serious games. Perez-Colado J. et. al. (2018)
proposed a learning analytics system from the perspective
of data-driven user modeling, paying specific attention to
educational serious games. They recommend an integrated,
user-centric approach, in which educational and game com-
munities must work together to provide complex, multi-
level, or hierarchical metrics for analysis.

Virtual learning environments are digital virtual spaces
that facilitate the delivery of curriculum content, assessment,
and evaluation activities for students (Caprara and Caprara
2022). Garcia-Redondo et al. (2019) explored the impact
of a serious game based on multiple intelligences primarily
focussed on attention and ADHD, revealing significant im-
provements in visual attention. A serious game was also pro-
posed to reduce perioperative anxiety and pain in children
undergoing ambulatory surgery (Verschueren et al. 2019).

El Khayat et al. (2012) developed an intelligent serious
game for children with learning disabilities, focusing on in-
tervention as early as kindergarten, to enhance learner ca-
pabilities. They presented an intelligent web-based adaptive
serious game, providing us with a strong methodology for
tailoring interactive and adaptive gamified elements to stu-
dents with unique needs. Flores et al. (2019) presented a per-
sonalized model that assesses students’ skills using pretest,
leveraging case-based reasoning and RL (Q-Learning) to op-
timize the sequence of learning resources, aiming to pre-
vent issues like anxiety or boredom according to flow theory.
Their work provides us a metric for determining success.

Kardan and Speily (2010) introduced an evolving web-
based learning system capable of adapting itself to individ-
ual learners, by retrieving relevant content from the web,
personalizing it based on learners’ characteristics and prefer-
ences, addressing challenges unique to lifelong learning sce-
narios through a hybrid machine learning technique. Lopes
and Lopes (2022) reviewed dynamic difficulty adjustment
methods, another form of adaptation to learners.

The literature indicates a growing interest in adap-
tive learning systems; nonetheless, most studies implement
adaptations offline, analyzing learner data retrospectively
rather than adjusting content in real-time (Kabudi, Pappas,
and Olsen 2021). Previous work has also concentrated on
the technical design of such systems, offering few rigorous
comparisons between adaptive and non-adaptive approaches
under equivalent instructional conditions. In addition, time-
on-task (how long it takes a user to complete a task) remains
the most prevalent metric for driving adaptivity, yet its stan-
dalone effectiveness has rarely been examined. This study
addresses these gaps by evaluating a real-time online adap-
tive system against a non-adaptive baseline and by isolating
a time-based measurement to assess its utility for guiding
adaptation.
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Figure 1: Example of a difficulty-5 puzzle.
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Figure 2: Example of a difficulty-5 puzzle with a solution
path drawn by the player.

Methodology and Implementation

This section provides a detailed overview of our APSG
framework together with the underlying algorithms that sup-
port it. Our research does not aim to invent a novel adaptive
algorithm. However, our implementation incorporates sev-
eral tailored modifications that may assist researchers wish-
ing to replicate or extend the approach.

APSG as a Puzzle Game

We designed an APSG using the Unity engine to foster
problem-solving by presenting players with pathfinding-
based puzzles to solve. As players advance, the system se-
lects puzzles calibrated to their current ability. The goal of
each puzzle is to find the correct path from the start node
to the end node while picking up various cargo pieces along
the way. These puzzles were based on the puzzle game Cos-
mic Express (Hazelden, Davis, and Tyu 2017). We chose this
game because of its simple, easy-to-learn rules and straight-
forward difficulty evaluation, which is essential in our adap-
tive system.

The puzzle is represented on an N n grid, in which the
player needs to draw a path from the starting node to the
end node (Figures 1 and 2). Path pieces cannot overlap each
other, the border of the puzzle, or “special” points. There
can only be a single path with no branches. The “special”
pieces (cargo) must be picked up at specific “pickup” loca-
tions, and deposited at specific ”dropoff” locations. Once a
path is drawn, a “container”” automatically traverses the path
one tile at a time, in the direction and order that the path has
been drawn, and can carry exactly one cargo at any given
time. Cargo is considered picked up or dropped off if at any
time, this container passes a pickup or dropoff point adja-
cently. Importantly, the container can only “hold” one cargo
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Figure 3: Example of a solved difficulty-5 puzzle, where all
the cargo boxes are dropped off in the correct destinations.

piece at a time, so careful planning of the path to ensure the
order of operations for visiting each of the pickup or dropoff
points needs to be considered. A particular puzzle is solved
if:
* The container can start at the start point and end at the
end point, connected via a contiguous path.

* Once the container reaches the end point, there are no
outstanding cargo pieces left at any of the pickup points.

» Each dropoff point contains exactly one cargo piece.

As the player is allowed to draw only one path at a time
with no branches allowed, the container has only one path
to follow. It either completes the puzzle or not, which deter-
mines whether the puzzle is solved. Figure 3 shows the end
result of the container going through the entire path, having
picked up and dropped off cargo boxes along the way.

Puzzles can have many solutions (paths), often represent-
ing easier puzzles, or very few solutions, conversely repre-
senting difficult puzzles. The difficulty of the puzzle can be
represented in a few different ways. First, the size of the grid.
Larger grid sizes demand longer paths, which often add to
the complexity of puzzles, particularly when combined with
other difficulty metrics. Secondly, the number of pickup and
dropoff locations. As these “special” points increase in num-
ber, a given solution becomes more difficult to achieve as the
possible order of visiting various locations increases in com-
plexity. Finally, the specific location of special pieces. Spe-
cial pieces might be placed in such a way that once visiting
one, another becomes inaccessible, necessitating a redesign
of the solution. Each puzzle that is presented to the user has
been dynamically generated in real time, facilitated through
the use of a genetic algorithm.

Genetic Algorithm and Puzzle Generation

The entirety of the puzzle generation pipeline is facilitated
through the use of a genetic algorithm. Functional design de-
cisions were made such that the GA can generate puzzles of
varying difficulty, connect to the underlying player model-
ing methods, and provide generation speed to support “real-
time” generation. The genetic algorithm generates a set of
path and special points that represent the solution of the puz-
zle. These set of points are stored as an N N character grid,
based on the size of the puzzle. The GA (Algorithm 1) is de-
signed in such a way to optimize difficulty to a given input
difficulty ranging from one to ten. The GA is based on the



Algorithm 1: Genetic Algorithm

Algorithm 2: Crossover Function

Input: Population P, size N, generation limit G
Parameter: Mutation rate m
Qutput: Best solution B

1: Initialize gen 0,B

2: while gen < G do

null, bestFit 0

3 F  O0,maxFit 0,best null
4 for eachcin P do
5: f  Fitness(c)
6: F F+f
7 if f > maxF it then
8: maxFit f
9: best ¢
10: end if
11:  end for
12:  if maxF it > bestFit then
13: bestFit maxFit
14: B  Clone(best)
15:  endif
16: gen gen+1
17: P' fg
18:  while jP’j < N do
19: p1  Select(P)
20: po  Select(P)
21: (c1;c2)  Crossover(py; p2)
22: Mutate(cy; m)
23: Mutate(Co; m)
24: Add ¢y co to P?
25:  end while
2. P P!

27: end while
28: Qutput: B

NSFI-2POP structure (Scirea 2020). This section describes
the details of the system, where domain-specific choices had
to be made that deviate from more traditional structures.

Data Representation Puzzles are internally represented
as a two-dimensional character grid. Encoded in this grid
are various characters that represent specific elements of the
puzzle (Table 1). This representation allows for easy display
of relevant puzzles and allows puzzles to be stored or loaded
as needed.

Character Mapping
# empty space
X path
P pickups
D dropoffs
o obstacles / border
S start point
E end point

Table 1: Puzzle Character Mapping.

Crossover Function Traditional genetic crossover func-
tions take in two one-dimensional coded data points and

Input: Parent puzzles Py, Ps
Output: Child puzzles C;, C,
1: Select a crossover point
2: Swap puzzle sections between P; and P, to create Cy
and Co
3: Adjust path using BFS
4: Adjust special points using distance-based metrics
5: Validate and finalize child puzzles

then split them based on some criteria, to produce two corre-
sponding child data points. The goal of the crossover func-
tion for the described APSG is to mix the path and grid
configurations of two parent puzzles to create new children.
Each child inherits part of the path and grid structure from
one parent, and the rest from the other - aiming to blend
traits and explore new puzzle variations. A random column
is chosen as the crossover point, constrained to ensure that
it is not too close to the puzzle edges while allowing parents
to be merged non-symmetrically to increase variability. The
child grids are built by the following two steps, forming a
simple two-part combination:

1. Copying the left side of the grid from one parent.
2. Copying the right side of the grid from the other parent.

The path (solution) is split at the crossover column, where:

1. Child 1 takes the first half of Parent 1’s path and the sec-
ond half of Parent 2’s path.

2. Child 2 does the reverse - taking the first half from Parent
2 and second half from Parent 1.

Combining the paths often “breaks” the solution, in either
the path structure or special point representation. For the
path, the crossover often directly creates gaps or overlaps,
where two paths are no longer connected. As such, diago-
nal moves are corrected and a Breadth-First Search (BFS)
is used to fill in missing steps between the broken path seg-
ments. For the “special” points, the children’s pickup and
dropoff points are recalculated using a distance-based met-
ric that subdivides the path into segments, selecting candi-
date tiles within these segments. Pickups and dropoffs are
then alternately placed at random among valid candidates,
ensuring an equal number of each while avoiding forbidden
positions. Paths are finalized by removing any duplicates or
invalid moves and are checked for solvability. Algorithm 2
shows the entire process.

Fitness Function The fitness function is used to evalu-
ate the current analytical “difficulty” of a given puzzle. It
is essential that the genetic algorithm can optimize to any
given input difficulty, including “medium” or “subjectively-
defined” level difficulties. Difficulty was assigned a discrete
1-10 scale to align with our user study design, although the
GA could optimize to scores on a broader range of difficulty
levels. We define minimum and maximum values for various
metrics that are then integrated to provide a current puzzle
difficulty.



Factor Min Value | Max Value
Path Length 8 50
Corners 0 20
Empty Space 20 5
Pickups 1 12
Orthogonal Pickups 0 2

Table 2: Fitness function components and their value ranges.
Target values are interpolated based on puzzle difficulty.

The total score is then calculated as a weighted sum of the
fitness factors:

score = ) max(0;tar; jtar; acts) weight,
f2F

In this formula, F is the set of fitness components, tar is
the target value for each factor, acty is the actual observed
value in the puzzle, and weighty is the weight assigned to
each component. Thus, we are able to obtain puzzles with a
variety of “scores”, which can easily be mapped to a corre-
sponding difficulty level between one and ten. This system
can be easily tweaked to provide an extensive array of vary-
ing difficulties and their corresponding puzzles. However,
the one to ten scale was implemented to facilitate the ease of
use for a study. Table 2 shows the range of values.

Adaptive Difficulty and Player Modeling

The target optimization difficulty needed by the genetic al-
gorithm is provided by a player modeling system. This sys-
tem records information about the current state of the puz-
zles as well as the current metrics of the player. It then makes
a suggestion in terms of difficulty adjustment. The system
suggests the difficulty of the puzzles should:

1. Increase, as the puzzles are too easy, or,
2. Decrease, as the puzzles are too difficult, or,

3. Neither increase or decrease, as the puzzles are a suitable
difficulty.

A mixture of hard constraints (constraints that must be val-
idated for a difficulty transition) and soft constraints (con-
straints that help determine finer aspects of the transition)
are integrated into the player model. These constraints are
based on the following measured metrics of the player and
puzzle state:

1. Time taken to reach solution

2. Number of attempts before solution

3. Number of backtracks (removing a portion of the puzzle
to try again)

4. Number of times the puzzle state was reset

5. Number of times the puzzle was almost solved (missing
less than 25% of special points)

Currently, the only metric with relation to hard constraints
is the Number of attempts before a solution, as we are set-
ting a hard limit on the number of attempts the player can
have before they are unable to increase the difficulty. This
hard constraint enforces minimum playability requirements,

ensuring the model does not increase the difficulty when a
large number of attempts have been made. The rest of the
metrics feed in to the soft constraint calculation, to inform
the overall player model output, allowing the model to adjust
difficulty smoothly.

Algorithm 3: Calculate Soft Constraint Score

Input: Player metrics: backtracks B, near-solves N, resets
R, time taken T
Output: Soft constraint score S

1: B B 1 flgnore initial start countg
2:S, 0

3: if B < B[hreshold then

4. Ss Ss + JlO BJ WB
5: else

6: S, S, B Wg

7: end if

8 if N < Nthreshold then

90 Sy S,+j5 Nj Wy
10: else

1: S, S N Wy

12: end if

13: ifR < R[hreshold then

14: Sy, S,+j5 Rj Wg
15: else

16: S; S, R Wg

17: end if

18: SS Ss T WT

19: return S,

The player model takes in the soft constraints score in tan-
dem with the validity of passing hard constraints, and sug-
gests a new difficulty of puzzle. Algorithm 3 shows how the
soft constraints are used to calculate a score.

Puzzle Evolution and Metrics

Figure 4 showcases 3 generated puzzles of increasing diffi-
culty, showcasing that the system is able to produce varying
puzzles configurations, across varying grid sizes. As the dif-
ficulty increases, we see transitions from linear, simple to
understand and “empty” solutions, to those with more com-
plex and sprawling paths, that often incorporate more of the
available grid space. Deeper thought is required in terms of
“harder” puzzles, as there are many avenues that will not
work, and often require more problem solving, critical think-
ing, and trial and error. Further, the genetic system is able to
generate puzzles with unique dimensions, and varying com-
plexity. Figure 5 showcases a puzzle with large amounts of
empty space between various points, allowing for multiple
solutions. On the other hand, Figure 6 showcases a com-
plex puzzle along a narrow grid, in which there exists less
opportunity for varying solutions. The various genetic algo-
rithm parameters are easily controlled to produce a variety of
unique puzzles with varying complexity. To provide a decent
tradeoff between runtime complexity and varying puzzles,
we have tested various parameters. Table 3 shows parame-
ters selected for the user study, selected to ensure puzzles






