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Figure 1: Gameplay of Jumpy in the adaptation stage.

Abstract

The topic of Artificial Intelligence is gaining in importance and so is
the need to learn about the core principles of AL In this tool paper,
we present Jumpy, an educational jump 'n’ run game designed to
provide hands-on experience with reinforcement learning. The stu-
dents take the AI's point of view and act as an Al system themselves.
While playing and thereby using reinforcement learning, they learn
about key concepts like agents, reward functions, and policies. The
tool is intended for use in classroom settings, with students work-
ing in pairs and participating in guided discussions. We evaluated
Jumpy with more than 120 students aged 11-12. One third formed
an experimental group while the remaining students served as a
control group and used the tool after the formal evaluation. Both
groups completed a questionnaire before and after the intervention.
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The results indicate a shift in students’ attitudes towards Al and an
increased familiarity with Al-related concepts.
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1 Introduction

Recent years have seen an unprecedented proliferation of artificial
intelligence (AI), particularly in the form of generative Al As a
consequence, there seems to be widespread agreement that Al
has to be integrated into (computer science) education to reflect
its importance in modern digital systems [23, 24, 32], although
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there is no clear consensus which parts or aspects of Al should
be prioritised or included, how and in what depth. In particular,
two schools of thought seem to have emerged, focusing on either
an understanding of the underlying technology behind Al or the
ability to use and apply existing Al systems. However, both aspects
have been promoted under the term ‘Al literacy’ [15, 20].

Achieving Al literacy is not a trivial task and research on ef-
fective teaching methods is relatively new and sparse [15, 20]. In
particular, teaching the technology underlying modern Al systems
faces several challenges such as the ‘black box character’ of Al
systems [1], the use of advanced mathematical concepts and the
scale and magnitude of training required to obtain effective Al
systems. In the future, explainable AI (XAI) [1, 5] might offer a
promising avenue to address the black box character, but this line
of research is still in its infancy. The mathematical requirements,
on the other hand, might pose an even larger hurdle as teaching
the necessary fundamentals first is often not feasible. Particularly
in K-12, there is already an overloaded curriculum, in which the
cost of investment for building up the required foundations is pro-
hibitively high. Indeed, in order to be effective, we must find ways
to teach the fundamental ideas and essence of Al quickly and on
an ‘intuitive’ level. One promising avenue is demonstrated by the
CS Unplugged initiative [3, 4, 13, 16, 22], which has opened up core
concepts of computer science (CS) through hands-on and practical
experience to a wide variety of ages in a minimum of required time
and investment.

Following one of the ideas of CS Unplugged approaches, we
designed an Al initiative where students take on the role of the Al
itself. However, in contrast to CS Unplugged, our initiative uses a
simple video game, picking up on the idea of Al agents learning to
play Super Mario Bros [31], using reinforcement learning. The use
of a video game allows us to provide a much finer-grained reward
function than is possible with CS Unplugged approaches.

Instead of using Super Mario Bros directly, we created a modified
platformer game (a.k.a. jump ’'n’ run game). The challenge was
to create a game whose basic controls would be familiar and easy
enough for the students, but whose scoring system might not be.
Slightly obscuring the scoring system picks up an idea that Russell
and Norvig presented in their well-known textbook: “Imagine play-
ing a game whose rules you don’t know; after a hundred or so moves,
the referee tells you ‘you lose, That is reinforcement learning in a
nutshell” [26] (our highlights).

Goals and Contribution. The objective of our initiative was to
expose students to reinforcement learning by making them take on
the role of an Al ‘learning’ to play a game. To this end, we developed
a novel platformer/jump ’n’ run game that would be played by two
students simultaneously, allowed for strategic decisions and with a
scoring system that students would have to figure out first. This
paper presents the open-source jump 'n’ run game and its design
rationale.

While conducting the initiative we asked students about their
disposition towards Al as well as their familiarity with some central
concepts of Al. We found that students’ attitudes towards Al are
very diverse but could be slightly influenced taking part in the
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presented activity. Furthermore, we found an improvement in self-
reported familiarity with the Al-related concepts covered by the
initiative.

2 Related Work

2.1 Reinforcement Learning

Reinforcement learning (RL) is based on the idea of maximising a
‘reward’ for decisions or actions taken in a Markov process. The
goal is that an agent infers (learns) a ‘policy’ from the rewards,
i.e., a probability distribution that guides actions for each state.
Reinforcement learning is particularly powerful if a clear reward
function is available, from which the agent can learn, eliminating
the need for fixed (training) datasets. It has therefore seen wide-
spread application in playing games such as ‘Chess’ or ‘Go’ [27, 29],
since such games are governed by a small set of rules, yet the num-
ber of configurations and possible actions exceeds any feasible size
of a dataset. However, many of these games provide only ‘sparse
reward’, i.e., there is no evaluation of individual steps, but only for
the overall game play.

Advances in deep neural networks and image recognition al-
lowed to apply reinforcement learning to video games [18, 28],
which offer a much finer-grained reward function through its score
system, say, than traditional board games. Indeed, Super Mario Bros
has seen widespread adoption in the context of reinforcement learn-
ing [11, 12, 31, 34], up to Al benchmarks based on the game [10].

2.2 Teaching Al

Despite the long history of artificial intelligence, educational ini-
tiatives are rather recent with a steeply rising awareness of its
importance [15, 20, 32]. In particular, the sudden rise of large lan-
guage models (LLMs) has led to a huge number of publications on
the topic [6, 23, 24]. A common theme is often the evaluation of
LLMs’ capabilities in answering student problems, say, or their use
as tools to improve education itself. Both LLMs and the use of Al as
a tool to improve teaching and learning itself, however, are beyond
the scope of this paper.

In 2016, the term ‘Al literacy’ was first proposed, highlighting the
increasing relevance of a basic understanding of Al systems [9, 15].
However, the exact extent of what ‘Al literacy’ entails is still under
discussion [15]. The two main aspects revolve around either teach-
ing the effective use of Al to solve particular problems, or teaching
the underlying technology to foster a deeper understanding of what
Al is. Within these, our work addresses the latter.

In a survey of Al teaching and learning, Ng et al. highlighted
the importance and success to “reduce entry barriers through play-
ful game experience for Al interventions” [20]. They also found
evidence in the research literature for the positive effects of using
game elements.

In terms of fostering understanding of Al, there have been a
number of initiatives based on the CS Unplugged concept [3, 4].
Arguably one of the oldest and best known such initiatives is the
‘Hexapawn computer’ [17], which originated with Martin Gardner
in the 1960s and has been used for studies of students’ perceptions
of AI [7, 19]. Other initiatives mostly targeted classification, using,
e. g., decision trees [13, 14, 16, 21, 22]. While our own work is clearly
not an unplugged activity, we nonetheless picked up the notion
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of the pupils taking on the role of the Al, which is very much in
tradition with the unplugged initiatives mentioned above.

On the other hand, there are designated tools to teach about RL
[8, 25, 33]. These tools focus on altering the learning process, mostly
by changing the reward function to influence the learning outcome.
In contrast to this approach, when using Jumpy the students face
an environment with presets that cannot be changed. Instead, they
have to comply with the given parameters — just like an Al-system
would have to.

3 Designing Jumpy
3.1 Concept

Jumpy is a jump 'n’ run/platformer game as seen in Figure 1. To
make it easy to get started, it has a lot of familiar features like
platforms, tokens to collect and a flag to mark the goal. But when
playing, one will notice some differences in the game mechanics
compared to commercial games. For example, the controls are dif-
ferent as the movement is grid based. Furthermore, there are two
players who cannot interact with each other in-game but do not
play against each other, either. These differences help reach the
learning objectives and make sure that everyone is new to the game
mechanics and therefore has potential to learn.

The main idea of Jumpy is to introduce the concept of reinforce-
ment learning (RL), but not by using an Al but instead by ‘becoming’
one — or at least by learning like one. Therefore, the game itself is
divided into different stages, each focusing on a specific aspect of
RL. The concepts covered follow the third idea, ‘Learning’ from the
Five Big Ideas in Al [30], slightly adjusting it to fit the concept of
RL.

3.2 Game Design

Fumpy is designed to be played by two players simultaneously on
one computer, one player using the WASD keys, the other using
the arrow keys of the keyboard. Each player controls one cup of
hot chocolate that can walk to the left and to the right and jump
upward. Each level consists of multiple platforms that are steady
and impenetrable for players. Each level has one flag, which marks
the goal. Once a player reaches the goal, the game is won and
restarts after a few seconds. In addition, there are marshmallows
spread across the level. The players can collect marshmallows by
passing them. Once collected, they disappear.

Each stage comes with its own additional features, such as coun-
ters, history, or additional menu items as described in detail in sub-
section 3.3. The first three stages consist of only one level, whereas
the later stages offer multiple levels.

The horizontal movement is grid based, meaning that the player
can only move in predefined intervals. As the corresponding key can
be pressed multiple times before the player reaches its destination, a
little marshmallow at the bottom of the screen indicates the current
destination column the player is moving to. While on the ground
(either the floor or a platform), the player can jump two tiles high
and if moving while jumping, up to three tiles wide. This means that
the player can jump on platforms two tiles above the current height
and easily jump over two tile wide gaps. With the right timing,
also three tile wide gaps can be crossed. The grid based movement
makes it easy to replicate previous moves, as the only skill based
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Figure 2: The Exploration stage with individual counters for
‘Score’ and ‘Moves’.

part of the movement is the timing of the jumps, which is rarely
necessary. This makes the control of the game slightly different
from classical jump 'n’ run games while maintaining the main idea
of the genre. This ensures that all students have comparable starting
conditions. Even experienced players of jump 'n’ run games need
some time to get used to the game mechanics but inexperienced
players can master the game quite easily as well. This ensures that
experienced players of video games do not have an unfair advantage
over inexperienced students.

3.3 Stage Design

For the greatest benefit, the tool should be used in combination
with a classroom discussion following each completion of a stage.
In these guided discussions, the teacher builds upon the students’
experiences and connects these experiences to the learning process
of an actual AI by highlighting similarities and differences in the
learning process.

In the following section, every stage is described in detail high-
lighting the changes to the previous stages, explaining the students’
tasks and describing their envisaged experiences. Furthermore, the
students’ experiences are connected to the actual process of rein-
forcement learning.

3.3.1 Exploration. In the first stage Exploration the students face
their first level. It consists of multiple platforms with marshmallows
all over the stage and the mandatory finish flag. They are presented
with two counters (‘Score’ and ‘Moves’) as seen in Figure 2, and
can restart the level or return to the ‘Home’-Screen.

The students’ task is to explore the game and figure out how
everything works. They are expected to learn how to control their
character and how to finish the level. Furthermore, they need to
figure out how the counters work. Here, the ‘Moves’ counter in-
creases by one for every move they make and the ‘Score’ counter
increases by five or ten for every collected marshmallow, depend-
ing on the colour of the marshmallow and on the indicator below
the collecting cup. Accordingly, the left player adds 10 points to
the score when they collect a white marshmallow and 5 points
when they collect a pink marshmallow, and the right player adds
10 points for every pink marshmallow and 5 points for every white
marshmallow.
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Figure 3: The Reward stage with a single counter representing
the reward function.

While exploring the first stage the students will make random
inputs before figuring out how the mechanics of the game work.
They do not get any instructions, neither from the teacher nor from
the game itself, apart from which keys to use. But still they will
get better. Furthermore, they need to try different paths in order to
learn how the counters work and what the flag will do.

These experiences connect to an AI's point of view, as an un-
trained AI has no model of the game. By making random choices,
the untrained Al collects data from the game and thus creates a
basis for learning. The same applies to the students, at least at the
very beginning.

3.3.2 Reward. In the second stage Reward the two counters are
replaced by a single ‘Score’ counter as seen in Figure 3. Now only
the score is calculated while the ‘Move’ counter is omitted. The
score increases as before when the marshmallows are collected
and decreases by one for every move made. The platform design
of this stage is simpler than the one before so that the runs can be
completed faster. Therefore, the focus is shifted from playing and
randomly trying to targeted testing.

The students’ task is to figure out the aim of the game by deciding
which rounds played were good. They are expected to figure out
how the score is calculated. From that, they derive the aim of the
game. This includes making as few moves as possible while reaching
the flag and thereby collecting as many marshmallows as possible,
preferably in their respective colours. Also, they don’t play against
each other, but instead share a score and end the game the moment
the first player reaches the flag.

As before, the students are not given any explanation and have
to derive every information from the game. By figuring out the
score they are expected to deduce the aforementioned aim of the
game.

The score with which the students work is a representation
of a reward function. An Al learns what is considered ‘good be-
haviour’ solely through the reward function, so do the students. By
changing the reward function, the learnt behaviour of an Al can be
altered. In this case, the score, and thus also the reward function,
is a combination from rewarding the collection of marshmallows
and punishing additional moves. Furthermore, whoever defines the
reward function decides what is considered good. The same applies
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Figure 4: The bottom right corner from the Strategy stage
with the right players history from the previous run.

to the students’ experience. Even though they might like to play the
game differently (e.g., reaching the goal without considering the
marshmallows or playing competitively instead of cooperatively),
this would not lead to a good score and would therefore leave their
human AI system behind in terms of performance.

3.3.3 Strategy. In the third stage Strategy, history is added. Every
time a movement is triggered, a symbol is added at the current
position of the character indicating which movement was triggered.
Furthermore, a line shows the path that a character has taken. An
example can be seen in Figures 1 and 4. The history view can be
toggled between the best and the last run and both corresponding
scores are shown next to the current score.

So far, the students have learnt about the goal of the game, but
not how to achieve it. From this stage onward, before starting a
game, the students have to talk to their partner and agree on a
strategy for playing in order to achieve the highest possible score.
While playing, they must not talk to each other any more. After
they finish, they can talk again and improve their strategy.

The students are expected to talk about their strategy for playing,
thus making it explicit. In this stage the strategies are expected to be
very concrete (e. g. “I walk here, then you jump there.”). The history
will help the teams to improve their strategy and will encourage
them to try out new paths and correct mistakes in the next run.

An Al learns by trying, being rewarded and thereby improving
its strategy (or policy) over multiple generations. This sequential
learning process cannot be replicated in students, as they tend to
adjust their strategy more holistically rather than gradually and
purely based on rewards. But the history still encourages the stu-
dents to iterate over their strategies, mutate a strategy and compare
the new generation to the previous one, thus gradually improving
their used strategy. The students will still use their logical think-
ing to accelerate the improvement of the strategy but this can be
discussed in the next classroom discussion.

3.3.4 Adaptation. The fourth stage Adaptation adds six different
levels to the stage as seen in Figure 5. Changing the level resets the
score and the history.

The same rules as before apply. But this time the students have to
decide on their strategy before entering a new level. After playing
the level once, they can adapt their strategy.
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Figure 5: Overview of the six different levels from the Adap-
tation stage. The same levels are used in the Testing stage,
but in different order.

As the levels change, the students have to adapt their strategy
over and over again, coping with new levels, and therefore are en-
couraged to use more general strategies. The strategies are expected
to be more general than before (e. g. “Collect a marshmallow of the
other colour only, if you can reach it in less than five moves”).

For real world Al systems, the learning environment needs to fit
the operating environment, otherwise the learned strategy will not
match the actual problem. This connects to the students’ experience,
as the strategies from the previous stage do not match the levels of
this stage.

3.3.5 Testing. The final stage Testing is a collection of all previous
levels in random order.

The students’ task is to play through all the levels without talking
to each other and putting their strategies to the test.

They are expected to either use their strategy or recap how
they played these levels before. Either way they will use their
learnt behaviour in a testing environment, simulating a real-world
operating environment.

Speaking in terms of Al, the students now change from the
learning phase to the application phase.

3.4 Didactic Design

The stages of Jumpy are based on the third of the Five Big Ideas
in AI [30]: Learning. While this idea is formulated for machine
learning in general, we transfer it to reinforcement learning in the
context of using Jumpy. Touretzky et al. list four essential insights
that students need to acquire to demystify the process of machine
learning [30]:
(1) Definition of machine learning: “Machine learning allows
a computer to acquire behaviors without people explicitly
programming those behaviors.” [30, p. 251]
The students experience that they learn a specific behaviour,
in this case playing Jumpy successfully, without explicitly
being told how to do so. This is the case for all stages starting
from the second one where the students are introduced to
the reward function.
(2) How machine learning algorithms work: “Learning new be-
haviors results from changes the learning algorithm makes
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to the internal representations of a reasoning model, such
as a decision tree or a neural network. [...] What we want
students to understand is that this kind of learning is a sim-
ple, mechanical process; there is no self-awareness or any
kind of magic involved.” [30, p. 251]

Even though we skip the step of introducing decision trees or
neural networks, Jumpy is designed to demystify the process
of machine learning. As the students enter the fourth stage
Adaptation, they are presented with the history of their last
and best run. Instead of remembering everything, they can
experiment and iteratively improve their strategy — even
though logical thinking helps to speed up this process.

The role of training data: “When the reasoning model is capa-
ble of a great variety of behaviors, large amounts of training
data are required to narrow down the learning algorithm’s
choices” [30, p. 252]

Jumpy is designed to model reinforcement learning and al-
though reinforcement learning does not rely on training
data in the traditional sense, the game still provides feed-
back signals that guide learning. This contrast can serve as
a valuable discussion point in class. The first stage gives a
hint in this direction by providing two different counters for
moving and collecting marshmallows. This information is
still present in the following stages but it is integrated into
the score that represents the reward function. This way, the
students experience that they are able to learn how to play
the game just from the immediate feedback from the game
and the reward function.

Learning phase vs. application phase: “The reasoner con-
structed by the machine learning algorithm can be applied to
new data to solve problems or make decisions.” [30, p. 252]

The transition from the third stage Strategy to the fourth
stage Adaptation encourages the students to apply their strat-
egy to new levels, thus discovering the need to develop a
more general strategy. The final stage Testing represents the
application phase.

—
w
=

—~
N
=

Our tool is explicitly designed to make this abstract idea of
machine learning tangible for learners respecting the multiple facets
of this idea. Each of the five stages builds on core aspects of the
learning process in reinforcement learning, gradually building up a
conceptual understanding of how agents learn from experience. In
this way, the tool operationalises the abstract concept of learning
by enabling students to experience the iterative nature of behaviour
acquisition through feedback and adaptation - core principles of
reinforcement learning.

4 Methodology

The evaluation of the tool was part of a bigger and more diverse
research project at an Austrian secondary school. Throughout the
day the students participated in three different 80 minute work-
shops on different topics of computer science. One of them was the
Jumpy-workshop, the others were focused on using block based
programming and educational robotics, and therefore were not
related to the topics of AI and reinforcement learning. Ethical ap-
proval for the research project lead by TU Wien was granted and
written consent from the students’ parents was collected. Students
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Figure 6: Sampling — from classes to groups and testing

who did not consent to taking part in the research still took part in
the activity but are not represented in the numbers or the results.

The aim of the study was to answer the following research ques-
tions:

RQ1 How do students’ attitudes towards Al change after under-
going the Jumpy-workshops?

RQ2 To what extent does the use of Jumpy improve students’
self-reported familiarity with Al-related concepts?

Both research questions were addressed using a questionnaire
with Likert scale items in a pre- and post-test scenario with control
and experimental groups. The questionnaires were completed at
the beginning and end of the session. Versions A and B of the same
questionnaire with some reversely phrased questions and a different
order of the questions were used to mitigate memory effect.

4.1 Sampling and Setting

We conducted this study with all students from year six in an
Austrian school. In total there were 129 students in five classes
aged 11-12. The students were divided into 8 smaller groups with
about 16 students each and rotated through the different workshops.
For this research project, only the first workshop of that day was
evaluated. This means that three of those groups comprised the
experimental group and took part in the presented activity while
the other five groups comprised the control group and took part
in other activities. Due to the rotation all students eventually un-
derwent all workshops, although in different order, i. e. students
in the control groups also attended the Jumpy-workshop, but not
as part of our study. As some students did not consent to taking
part in the research or were absent on the day of the study, 112
students took part in the pre-test and 110 students took part in
the post-test. There were no dropouts during the activity as it was
conducted in fixed groups in classrooms. The difference in the num-
ber of pre- and post-tests is due to students not submitting the
questionnaire. The students chose a key in the pre-test and reused
it in the post-test. Some students failed to provide the same unique
key twice. Therefore, keys that could not be matched unmistakably
were dropped. In the end 102 pre- and post-tests could be analysed
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with 64 tests in the control group and 38 tests in the experimental
group. The sampling process is illustrated in Figure 6.

The students were all from the same school. This means that
there might be some bias because of the location. But since there was
no selection process, we believe they are still a good representation
of students in their sixth school year.

The sampling process mentioned before ensures that the classes
are distributed among the different groups while keeping some
students of the classes together so that there are still peer groups
within the groups. This approach helped maintain a natural class-
room dynamic and supported collaborative learning, which was
especially relevant for the intended use of the tool in pair-based
activities and the classroom discussions. At the same time the dis-
tribution of the classes mitigated bias from prior experience within
individual classes. Still there might be some bias from prior experi-
ence as the students from the different classes were not distributed
equally over the experimental and control groups.

4.2 Questionnaire

The questionnaire was designed to assess students’ attitudes to-
wards Al as well as their self-reported understanding of Al-related
concepts. It consisted of two main sections: (1) attitudinal state-
ments rated on a 5-point Likert scale (from “strongly disagree” to
“strongly agree”), and (2) familiarity ratings of technical terms on a
5-point Likert scale (from “never heard” to “know very well”).

The questionnaire was administered as both a pre-test and a
post-test to capture changes in students’ perceptions and knowl-
edge before and after using Jumpy. The items were developed in
collaboration with CS education experts but have not been for-
mally validated. The average completion time was approximately 5
minutes.

The questions are provided below as translation from the original
German and used in this form in version A of the questionnaire.
In version B the order of the items was changed and items 2, 3, 4
and 5 in Question I were formulated reversely and then recoded for
evaluation.

I. Please indicate how much each of the following statements
applies to you by selecting one of these options (Strongly
agree / Agree / Neutral / Disagree / Strongly disagree)

(1) Computers and robots can learn to do anything.

(2) Machines learn the same way as humans do.

(3) There are things that computers should not learn.

(4) Tknow how an Al system learns.

(5) In an Al system the intelligence stems from the system
itself, not from the programmer.

(6) If an Al can solve a task, it means it understands the task
very well.

II. Are you familiar with these terms, and if so, do you know
what they mean? (Never heard / Heard of it / Know a little /
Know well / Know very well)

(1) Computer Science

(2) Data

(3) Algorithm

(4) Neural Network

(5) Agent (in computer science, not a spy)
(6) Artificial Intelligence
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Attitude towards Al
n(control)=64, n(experimental)=38

Computers and robots can learn to do anything
experimental pre
experimental post

control pre
control post

Machines learn the same way as humans do.
experimental pre
experimental post
control pre
control post

There are things that computers should not learn.
experimental pre )
experimental post

control pre
control post

I know how an Al system learns.
experimental pre
experimental post
control pre
control post

In an Al system the intelligence stems from the
system itself, not from the programmer.

experimental pre
experimental post
control pre
control post

If an Al can solve a task, it means it
understands the task very well.

experimental pre
experimental post
control pre
control post 3
50% 0% 50%

Strongly disagree Disagree Neutral Agree Strongly agree

Figure 7: Results from the questionnaire about students’ atti-
tude towards AL

(7) Reward Function
(8) Strategy
(9) Reinforcement Learning

5 Results

As the research questions strongly correspond with the two parts
of the questionnaire, the results presented in subsection 5.2 help
address RQ1 and the results presented in subsection 5.3 help address
RQ2.

5.1 Observations

Informal observations during sessions showed a high level of en-
gagement. The students quickly immersed themselves in the game-
like environment and demonstrated exploratory behaviour, espe-
cially in the early stages. The guided discussions showed that the
students’ experiences line up with the expectations and the trans-
fer from the students’ experience to the underlying reinforcement
learning concepts occurred naturally.

5.2 Attitude Towards Al

The students’ attitude towards Al showed an exceptionally high
variance in the responses. In particular, the experimental and con-
trol groups clearly did not start from the same baseline as seen

176

ACE 2026, February 09-13, 2026, Melbourne, VIC, Australia

Familiarity
n(control)=64, n(experimental)=38

Copmuter Science

experimental pre '
experimental post
control pre
control post

Data
experimental pre
experimental post
control pre
control post
Algorithm

experimental pre '
experimental post
control pre
control post

Neural Network
experimental pre
experimental post
control pre
control post
Agent (in computer science, not a spy)

experimental pre '
experimental post
control pre
control post

Artificial Intelligence

experimental pre
experimental post
control pre
control post

Reward Function

experimental pre
experimental post
control pre
control post

Strategy

experimental pre
experimental post
control pre
control post

Reinforcement Learning

experimental pre
experimental post
control pre
control post .
100% 50% 0% 50%

Never heard Heard of it Know a little Know well Know very well

Figure 8: Results from the questionnaire about students’ fa-
miliarity of Al-related concepts.

in Figure 7. Hence, a statistical analysis of pre- vs post-test be-
tween the two groups to compare shifts in attitudes makes no sense.
However, there are still some anomalies worth mentioning:

(1) For items 1, 2 and 3 the experimental groups’ attitude shifts
towards disagreeing while the control groups’ attitude shifts
towards agreeing. This indicates a possible change in attitude
caused by the intervention.

(2) For items 4 and 6 the change in the experimental group is
remarkably greater than in the control group, which may
suggest an influence from the intervention.

(3) Item 5 shows no notable change in the students’ attitude
towards Al at all.

5.3 Familiarity of Al-related Concepts

The analysis of the second part of the questionnaire focused on
students’ self-reported familiarity with Al-related concepts as seen
in Figure 8. As the data is not as diverse as in the first part of
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the evaluation, statistical analysis was conducted. Linear mixed-
effects models were used to assess the effects of time (pre vs. post),
treatment (experimental vs. control group), and their interaction [2].
The results show that for most terms, there were no statistically
significant changes in familiarity ratings. However, three terms
showed significant interaction effects between time and treatment:

e Reward function (p < .01)
e Agent (p < .01)
o Reinforcement Learning (p < 0.01)

These results indicate that Jumpy was particularly effective in
introducing and reinforcing key terminology directly related to the
game mechanics and learning objectives.

6 Discussion

The results of the classroom implementation of Jumpy indicate that
the tool is effective in fostering both engagement and conceptual
understanding of reinforcement learning. In particular, the staged
design appears to support a gradual and intuitive introduction to
core RL concepts, aligning well with the third of the Five Big Ideas
in Al: Learning.

6.1 Interpretation of Findings

The high level of engagement that we observed during the ses-
sions confirms the motivational potential of game-based learning
environments. Students actively explored the game mechanics and
reflected on their strategies, which supports the idea that learning
can emerge through interaction and feedback rather than direct
instruction.

Although the students’ attitudes towards Al were diverse and did
not show consistent statistical trends, some shifts in the experimen-
tal group suggest that the intervention may have influenced their
perception. The observed changes in items related to autonomy
and control, namely items 1,2 and 3, could reflect a more nuanced
understanding of how Al systems operate, potentially reducing
misconceptions. The change in item 4 (I know how an Al system
learns) indicates that the students perceived the initiative as helpful
in understanding machine learning. On the other hand, the change
in item 6 (If an Al can solve a task, it means it understands the task
very well.) highlights the need to talk more about the differences be-
tween human behaviour and the inner workings of Al although the
changes in item 2 (Machines learn the same way as humans.) show
that students learned about the differences in learning between
humans and machines.

The results of the second part of the questionnaire suggest that
Jumpy can support students in developing a more concrete under-
standing of reinforcement learning concepts. While general terms
such as Computer Science or Algorithms did not show significant
changes, more specific terms that were directly embedded in the
gameplay or addressed during classroom discussions — such as Re-
ward function, Strategy, and Agents — showed significant gains in
the experimental group.

This supports the idea that learning through doing, especially
when combined with reflection and discussion, can foster concep-
tual understanding even in abstract domains like Al The design of
Jumpy aligns well with experiential learning principles, allowing
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students to engage with RL concepts in a hands-on and meaningful
way.

Our findings support the idea that abstract Al concepts can be
made accessible through carefully designed, interactive learning
environments. By allowing students to take on the role of the agent,
Fumpy aligns with constructivist and experiential learning theories.
The tool also provides opportunities for reflection and discussion,
which are essential for deeper conceptual understanding.

6.2 Limitations and Future Work

This study was exploratory in nature and limited in scope. The
sample size was relatively small, and the intervention was short-
term. Future studies on this topic should include larger and more
diverse student populations, as well as longitudinal designs to assess
long-term learning outcomes. Future work could also focus on
evaluating the students’ knowledge of the working of an Al as the
presented study only assessed the self-reported familiarity with
some Al-related concepts. Furthermore, the tool offers potential
to be expanded and integrate other aspects of RL or to lead up to
using a specific learning algorithm.

Despite these limitations, our study provides valuable insights
into how young students engage with reinforcement learning con-
cepts through playful interaction and how such tools can influence
their understanding and attitudes towards Al

7 Conclusion

This tool paper presented Jumpy, a game-based learning tool de-
signed to introduce secondary school students to the core principles
of reinforcement learning. Grounded in the third of the Five Big
Ideas in AI: Learning the tool enables students to experience the
learning process from the perspective of an Al, gradually building
an understanding of key RL concepts such as reward functions,
strategies, and policy adaptation.

The staged design of the tool supports a scaffolded learning
experience, allowing students to explore, reflect, and refine their
behaviour through interaction and feedback. Classroom observa-
tions and student feedback indicate high levels of engagement and
motivation, while the evaluation results show significant gains in
familiarity with central Al-related concepts.

Jumpy demonstrates that abstract Al concepts can be made ac-
cessible and meaningful through playful, interactive learning envi-
ronments and reflective discussions. It offers a promising approach
to fostering Al literacy at an early stage and contributes to the
growing field of Al education in schools. The material is freely
available at research.lehr-lern-labor.info/jumpy.
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