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Abstract. Introduction: Programming education often emphasizes code
construction, but offers fewer opportunities for students to practice rapid
code evaluation, a skill related to debugging, code review, maintenance, and
identification of bugs and bad practices. Objective: This paper investigates
preliminary evidence on the use of an adaptive arcade-style mini-game for rapid
code evaluation in introductory programming contexts. Methodology: The
mini-game asks players to compare two code snippets and select the correct
alternative under time pressure while a fuel resource decreases. Questions are
selected by a dual-agent architecture inspired by minimax, balancing diversity
and difficulty progression through gameplay telemetry. Results: The evaluation
involved 13 active participants, 36 valid sessions, and 1,375 answers. Global
accuracy was 87.3%, with an average response time of 3.35 seconds. From the
first to the last valid session, mean accuracy increased from 73.9% to 80.1%,
mean distance from 30,270 to 44,353, and mean maximum combo from 14.8
to 23.6. Results also showed differences among mechanics and dominance of
the progression agent, suggesting the need for utility normalization, parameter
tuning, and future comparison with baseline selection strategies.
Keywords Game-based learning, Programming education, Adaptive learning,
Code evaluation, Question selection.

1. Introduction
Learning computer programming involves more than memorizing syntax or writing
functional solutions to well-defined problems. Students also need to develop the ability to
read, interpret, and evaluate code written by others, identifying errors, inconsistencies,
bad practices, and recurring defect patterns [Lister et al. 2004]. This competence is
central to professional activities such as debugging, code review, software maintenance,
and refactoring, in which programmers frequently need to quickly judge whether a
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code snippet is correct, appropriate, or potentially problematic [Fowler et al. 1999,
Lozano et al. 2024].

Despite this relevance, many programming learning environments still emphasize
code construction tasks, such as completing exercises, submitting solutions to automated
judges, or implementing algorithms from problem statements. Although these practices
are important for developing implementation skills, they offer fewer opportunities for
students to practice the rapid evaluation of existing code. This limitation is reinforced by
the systematic review conducted by [Keuning et al. 2018], which showed that automated
feedback in programming education tools predominantly focuses on error identification
and functional correctness, while less frequently supporting students in understanding
how to improve code quality or solve problems.

This study has two complementary objectives: to design and implement an
adaptive arcade-style mini-game for rapid code evaluation, and to analyze gameplay
telemetry to examine performance, response time, progression patterns, and selector
behavior. In each round, students compare two code snippets under time pressure, while
survival, feedback, distance, combo, and difficulty progression support repeated practice
with syntax, assignment, comparison, loop, index, logic, type, indentation, scope, and
best-practice issues.

The main distinctive feature is the adaptive question selection mechanism. Instead
of using a fixed sequence, random choice, or a single difficulty rule, the system adopts a
dual-agent architecture inspired by minimax: one agent prioritizes diversity and novelty,
while the other prioritizes difficulty progression and pedagogical gain. An arbitration
function combines these utilities with recent history, frustration risk, difficulty adequacy,
and expected learning value.

Based on these objectives, this work investigates the following research question:
what preliminary evidence does an adaptive arcade-style mini-game, supported by
adversarial question selection and gameplay telemetry, provide regarding the practice of
rapid code evaluation in introductory programming contexts? The main contributions
are: (i) an arcade-style learning activity for rapid code evaluation; (ii) a computational
architecture for adaptive content selection based on two internal agents; (iii) a telemetry-
based dynamic calibration mechanism for question difficulty; and (iv) an empirical
analysis of performance, response time, mechanic type, difficulty level, template
coverage, and selector behavior.

2. Theoretical Background and Related Work
The design of educational games requires more than adding motivational elements to
conventional learning tasks. Serious games and gamified learning environments tend to
be more effective when game mechanics are grounded in learning theory and aligned
with explicit instructional goals [Abd El-Sattar 2023, Chou et al. 2023]. Flow theory and
digital game-based learning help explain how challenge, skill, feedback, attention, and
engagement interact during gameplay [Stidham 2022, Pan et al. 2025]. However, flow
or gamification alone does not guarantee learning: structured feedback, reflection, task
design, and cognitive alignment remain necessary for educational value [Singletary 2025,
Takács et al. 2023, Scaico et al. 2024]. Therefore, mechanics such as challenge, clear
goals, feedback, progression, and sustained concentration are pedagogically relevant
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when intentionally connected to the learning task [Malone 1981, Sweetser e Wyeth 2005,
Kiili 2005]. This is central to the present work, since the proposed mini-game links its
main action—comparing two code snippets—to the intended cognitive skill: rapid code
evaluation.

Adaptive learning and AI-supported educational technologies reinforce the
importance of regulating challenge according to learner behavior. Recent
work has explored real-time difficulty adjustment, learner modeling, personalized
pathways, intelligent feedback, and adaptive game features [Idika e Saihi 2025,
Gkintoni et al. 2025, Loor et al. 2024, Zhong e Zhou 2024]. These systems should be
evaluated not only by technical performance, but also by their support for interactivity,
engagement, accessibility, and pedagogical goals [Sánchez et al. 2026]. The present
work follows this direction, but applies adaptation to a specific programming education
problem: selecting the next code-evaluation challenge during a time-constrained arcade
session.

Taken together, the literature supports three design assumptions for this study:
educational games should connect mechanics to the intended cognitive process;
engagement should be balanced with feedback, challenge regulation, and opportunities
for correction; and adaptive systems should consider multiple pedagogical objectives
rather than optimize a single score. Existing approaches commonly adapt quiz difficulty,
tutoring strategies, platform features, or course configurations, but rarely target rapid code
evaluation as a specific cognitive skill. This paper addresses that gap by proposing an
arcade-style programming mini-game in which learners compare code snippets under time
pressure, while a dual-agent selector balances novelty, repetition, difficulty, frustration
risk, and expected pedagogical value.

3. Methodology
This study adopts an applied, design-oriented methodology aimed at designing,
implementing, and analyzing a game-based training artifact for programming education.
The methodological framing is informed by Design-Based Research (DBR), since
the work involves developing an educational technology artifact, implementing it in
an authentic learning context, and analyzing interaction data produced during use
[Koh et al. 2024]. It is also aligned with Technology-Enhanced Learning (TEL), in which
technology, pedagogy, learner activity, and assessment are treated as interdependent
components of a designed learning environment [Kyza 2023, Martel e Garcias 2024].

The research question guided the methodological structure by connecting the
design of the arcade-style mini-game, the adaptive question selection mechanism, and
the empirical analysis of gameplay telemetry. The methodology was organized into three
design stages: defining the pedagogical proposal, modeling the adversarial selector, and
implementing dynamic calibration and telemetry mechanisms. The empirical evaluation
is described separately in Section 4.

3.1. Implementation Context

The arcade mini-game was implemented as a feature of a gamified programming learning
platform organized around courses, concepts, and activities. Each course is divided into
curricular concepts, and student progression is sequential. Arcade sessions are linked
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to the student’s active concept; therefore, the selector restricts candidate templates to
that concept when a session starts. This design makes the mini-game a complementary
curricular activity and is important for interpreting the results in Section 5, since the
distribution of answers reflects participants’ curricular progression rather than free topic
choice.

3.2. Pedagogical Proposal of the Arcade Mini-Game

The arcade mini-game was designed to support the practice of rapid code evaluation.
Unlike exercises in which students must write a complete solution, the proposed activity
emphasizes reading, comparison, and judgment of existing code snippets. In each round,
two alternatives are displayed, one correct and one incorrect or less appropriate, and the
player must select the correct option under time pressure. Figure 1 illustrates the main
visual elements of the arcade mini-game.

Figure 1. Visual elements of the arcade mini-game: (a) Session start; (b) Active
gameplay with fuel bar and code comparison; (c) Immediate feedback after
an incorrect choice.

The game loop is survival-based. The player starts each session with an energy
resource called fuel, which decreases continuously over time. Correct answers recover
part of the fuel, increase the distance traveled, and may extend a streak of correct answers
called a combo, which temporarily increases the player’s speed, as illustrated in Figure
2. Incorrect answers reduce fuel, reset the combo, and display a pedagogical explanation
related to the error. Thus, the main mechanics—binary choice, time pressure, survival,
distance, combo, and feedback—are intended to support visual discrimination, rapid
pattern recognition, and conceptual correction.

These design choices were grounded in prior work on game-based learning
and player engagement. Binary choice keeps each round focused on the intended
cognitive task: comparing two code alternatives. Time pressure and survival introduce
challenge and urgency, which are associated with intrinsically motivating environments
[Malone 1981] and flow-oriented educational game design [Kiili 2005]. Distance and
combo systems provide visible progression and reinforce consecutive successful actions,
supporting clear goals, feedback, and sustained concentration [Sweetser e Wyeth 2005].
Immediate explanations after errors preserve the pedagogical function of the activity,
since formative feedback is more useful when timely, specific, and connected to the
learner’s response [Shute 2008].

Questions are organized as parametrizable templates. Each template contains a
correct code snippet, an incorrect code snippet, an explanation, a difficulty level, an
estimated learning value, and a mechanic type. The mechanics considered in this study
include syntax, assignment, comparison, loop, index, logic, type, indentation, scope,
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and best-practice issues. Template instantiation allows superficial variation in variables,
values, and contextual elements without changing the pedagogical purpose of the item.

Figure 2. Combo activation during gameplay, showing a temporary speed
increase from 1.0 to 1.6 and the message “Warming up the engines”.

3.3. Adversarial Question Selection Architecture
The selection of the next question is modeled as an adaptive decision problem. At each
instant t, the system has a set of candidate questions Qt and an estimated player state
xt. Each candidate question q ∈ Qt has attributes such as difficulty d(q), associated
concept c(q), mechanic type m(q), and estimated learning value ℓ(q). The player state is
represented as:

xt = (kt, ft, et, rt, δt, ht), (1)

where kt represents estimated knowledge, ft frustration, et engagement, rt repetitiveness,
δt recent average difficulty, and ht the recent question history.

The proposed selector uses two internal agents with objectives in tension. Agent
A prioritizes diversity, novelty, and low repetition, while Agent B prioritizes difficulty
progression, adequacy, and pedagogical gain. The model is described as minimax-
inspired because each agent evaluates candidate questions as if the other agent could
degrade its objective, although the final decision is not a classical zero-sum minimax
game. Instead, it is operationalized by adversarial utilities followed by arbitration.

For each candidate question, the system computes novelty N , repetition R,
difficulty pressure P , frustration risk F , adequacy A, and expected learning gain L. The
utilities of both agents are defined compactly as:

UA(q, xt) = λ1N − λ2R− λ3P − λ4F + λ5et,

UB(q, xt) = µ1P + µ2L+ µ3A− µ4N − µ5F.
(2)

In this formulation, UA favors novelty and penalizes repetition, excessive difficulty
pressure, and frustration risk, whereas UB favors progression, adequacy, and learning
gain while penalizing excessive dispersion and frustration risk.

The final arbitration score is computed as:

J(q, xt) = ωAUA(q, xt) + ωBUB(q, xt)− γFF (q, xt) + γLL(q, xt), (3)
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where ωA and ωB control the influence of each agent, while γF and γL adjust the penalty
for frustration and the incentive for learning gain. The next question is selected by:

q∗t = arg max
q∈Qfeas

t

J(q, xt), (4)

where Qfeas
t is the subset of questions that satisfies minimum feasibility constraints, such

as maximum frustration risk and maximum repetition. If no candidate satisfies these
constraints, the system progressively relaxes them to preserve session continuity.

Operationally, the selector receives the candidate templates restricted to the active
concept, the player-state vector xt, and the available empirical difficulty calibrations.
It outputs a selected template q∗t , instantiated as a randomized A/B code-comparison
question with the correct option and explanation, while storing UA(q

∗
t , xt), UB(q

∗
t , xt),

and J(q∗t , xt) as telemetry. Candidate metrics are computed from telemetry and template
metadata: adequacy compares effective difficulty with a target derived from estimated
knowledge and recent difficulty; difficulty pressure captures how much the candidate
exceeds recent difficulty; learning gain combines pedagogical value and adequacy;
novelty, repetition, and frustration risk are derived from recent-history similarity, current
frustration, and difficulty pressure. The implementation uses fixed weights, including
ωA = ωB = 0.5, γF = 0.3, γL = 0.2, τF = 0.75, and τR = 0.8, and each candidate is
scored once, making selection linear in the number of candidates.

3.4. Dynamic Calibration and Telemetry

The system records anonymized telemetry for each answer to support both adaptation
during the session and empirical analysis after use. The telemetry schema includes a
session identifier, template identifier, selected option, correctness, response time, fuel,
combo, accumulated distance, mechanic type, difficulty level, Agent A and Agent B
scores, and final arbitration score. These fields cover player responses, gameplay state,
question metadata, and selector behavior.

Figure 3. Session summary screen displaying final distance, accuracy, and
performance metrics used for telemetry and calibration

During gameplay, the player state is updated after each answer using online rules.
Let o = 1 when the answer is correct and o = 0 otherwise. Estimated knowledge follows
a delta update, kt+1 = clip1

0(kt + ηk(o − kt)), with ηk = 0.1. Frustration decreases
after correct answers and increases after errors, with harder questions producing larger
increments. Engagement is updated toward a target of 0.6 after correct answers and 0.4
after incorrect answers, with ηe = 0.2. Recent difficulty is computed from the last five
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questions, while ht stores a FIFO window of the last ten entries. This allows subsequent
selections to consider both global performance and recent behavior.

The system also performs dynamic calibration of template difficulty. Each
template has a design difficulty Ddesign(q), but the system estimates empirical difficulty
from observed success rates. The effective difficulty is computed as:

Deff(q, z) = 0.7× [4× (1− successRate(q, z))] + 0.3×Ddesign(q), (5)

where q is the template and z is the player’s knowledge tier. The knowledge tiers are
defined from kt: beginner (0.00–0.33), intermediate (0.34–0.66), and advanced (0.67–
1.00). Empirical calibration is used only when the template reaches at least five attempts
in the corresponding tier; otherwise, the design difficulty remains the reference.

Dynamic calibration affects the selection process by replacing purely designed
difficulty values with empirically adjusted difficulty estimates when enough interaction
data are available. As a result, a template originally designed as difficult may become
less likely to be treated as challenging if players consistently answer it correctly, while a
template initially considered easy may receive a higher effective difficulty if it produces
frequent errors. These adjusted values influence difficulty pressure, adequacy, frustration
risk, and expected learning gain in subsequent selection steps. Therefore, calibration does
not operate as a separate post-hoc analysis only; it can modify how future questions are
scored and selected during gameplay.

3.5. Illustrative Gameplay Scenario
In a session linked to Arrays II, the platform restricts candidate templates to that concept
and presents a code-comparison question involving array indexing. After the answer,
telemetry records correctness, response time, fuel, combo, distance, mechanic type,
difficulty level, and agent scores. Correct answers recover fuel, increase distance, and
may extend the combo; incorrect answers reduce fuel, reset the combo, and display an
explanation. The next question is then selected from the updated player state: Agent A
may reduce repetition, Agent B may favor pedagogical gain or difficulty progression, and
arbitration combines these tendencies with frustration risk, recent difficulty, and learning
gain. This illustrates how gameplay mechanics, telemetry, adversarial selection, and
calibration interact during play.

3.6. Artifact Availability and Reproducibility
To support transparency, this version provides access instructions for the playable
prototype, examples of question templates, and high-level documentation of the adaptive
selector: https://cosmo.telemidia-ma.com.br/arcade. The full telemetry
dataset, analysis scripts, and complete selector configuration are not publicly released
due to privacy, institutional, and maintenance constraints. To mitigate this limitation, the
manuscript reports the main telemetry fields, selector variables, selection procedure, and
evaluation limitations.

4. Evaluation Design
The evaluation examined the research question through telemetry collected during real use
of the arcade mini-game. It considered 13 active participants, 36 valid gameplay sessions,
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and 1,375 recorded answers, all analyzed in aggregate and anonymized form. The analysis
focused on accuracy, response time, progression across sessions, mechanic-specific
performance, difficulty distribution, combo, distance, template coverage, effective
difficulty estimates, and the score behavior of the diversity and progression agents.

The evaluation was descriptive rather than comparative: it did not compare
the selector with random, fixed-sequence, rule-based, or single-agent baselines, and
engagement was inferred only from behavioral telemetry rather than validated player-
experience questionnaires. Therefore, the results describe feasibility, practice continuity,
and selector behavior, but do not establish computational superiority or perceived player
experience. Future evaluations should include baselines and instruments such as GEQ,
EGameFlow, or PENS [?, Fu et al. 2009, Ryan et al. 2006].

5. Results and Discussion
This section discusses the results obtained from the evaluation design described in
Section 4. Because each arcade session is linked to the student’s active curricular concept,
the distribution of data was not uniform: Fundamentals and Functions accounted for 16
sessions, 9 participants, and 62% of all answers. The remaining data came from Arrays
II, IF Statement, Arrays I, and Relational Expressions. Therefore, the findings should be
interpreted primarily as evidence from introductory programming contexts.

Since there is no established benchmark for adaptive arcade-style mini-games
focused on rapid code evaluation, results were interpreted through internal reference
points. High accuracy, sustained answers, increasing distance and combo, and shorter
response times for correct answers were considered positive indicators of feasibility and
practice continuity. Inversions between designed difficulty and observed performance,
imbalanced agent scores, or low template coverage were interpreted as design or
calibration issues.

Table 1 summarizes the main metrics from the 36 valid sessions. Participants
answered an average of 38.2 questions per session, with high variability across sessions.
Mean session accuracy was 74.2%, while global answer-level accuracy was 87.3%.
This difference occurs because longer sessions contributed more answers and tended to
increase the aggregated accuracy.

Table 1. General summary of analyzed sessions (n = 36 sessions, 13
participants).

Metric Mean SD
Questions answered per session 38.2 39.5
Session accuracy 74.2% 24.4
Average response time 3.35 s 3.77
Distance reached 31,882 47,814
Maximum combo 16.5 19.4

Using these internal reference points, the overall results are positive for
feasibility and practice continuity, but inconclusive regarding learning effectiveness.
Participants answered an average of 38.2 questions per session, and global answer-level
accuracy reached 87.3%, suggesting that the activity sustained repeated code-evaluation
interactions under time pressure. Correct answers took 3.01 seconds on average, while
incorrect answers took 5.69 seconds, indicating that errors were associated with longer
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deliberation and conceptual uncertainty.

Among participants with at least two valid sessions, mean accuracy increased from
73.9% to 80.1%, mean distance from 30,270 to 44,353 units, and mean maximum combo
from 14.8 to 23.6. These changes suggest progression during use, but should not be
interpreted as causal learning gains because the study did not include a control group,
pre- and post-tests, or external learning measures.

Table 2 presents performance by mechanic type. Syntax, indentation, and
assignment errors reached accuracies above 93%, with response times for correct answers
below 2.7 seconds. In contrast, loop errors, index errors, and best-practice questions
showed the lowest aggregated accuracies.

Table 2. Aggregated performance by mechanic type (n = 1, 375 answers).

Mechanic N Accuracy T. correct T. incorrect
Syntax error 350 95.4% 2.66 s 3.66 s
Indentation error 164 95.1% 2.65 s 9.07 s
Assignment error 165 93.3% 2.23 s 3.90 s
Type error 196 90.8% 3.02 s 7.79 s
Comparison error 56 85.7% 3.49 s 4.58 s
Scope error 114 83.3% 3.81 s 6.96 s
Logic error 79 75.9% 4.13 s 7.23 s
Index error 44 72.7% 4.86 s 7.54 s
Best practices 182 72.5% 3.29 s 4.03 s
Loop error 25 48.0% 5.09 s 5.92 s

The aggregated view hides differences by curricular concept. For example,
index errors reached 100% accuracy in Arrays I but 56% in Arrays II, and logic errors
reached 100% in Relational Expressions but approximately 70–73% in Fundamentals and
Functions and IF Statement. Loop errors were the most critical case, but all 25 answers
came from Arrays II, accessed by only two participants. Thus, mechanic-level results
should be interpreted together with curricular concept and participant distribution.

Regarding difficulty levels, levels 2 and 3 concentrated 68.2% of all answers. The
expected monotonic relationship between difficulty and performance was not observed:
level 4 had the highest accuracy and lowest average response time, while level 2 had the
lowest accuracy and highest response time. This inversion is a negative indicator for the
current validity of the manually assigned design difficulty, but a positive indicator for the
relevance of dynamic calibration, since empirical data can reveal mismatches between
expected and observed difficulty. Given the concentration of answers in introductory
concepts and the small sample, these values should be interpreted as indicative rather
than conclusive. The adversarial selector covered all ten analyzed mechanics and used
all templates available within the concepts accessed by participants, with an average of
2.6 answers per template. This indicates broad coverage and low repetition, but it also
reduced the number of attempts available for empirical calibration. The analysis of agent
scores revealed an imbalance: Agent A, oriented toward diversity, had a mean score of
−0.31 (SD = 0.13), while Agent B, oriented toward progression, had a mean score of
16.20 (SD = 6.95). As a result, question selection was dominated by the progression
agent. This is a useful diagnostic finding, but also a negative indicator for the expected
balance of the dual-agent architecture. It suggests that the current configuration favors
progression and pedagogical adequacy more strongly than diversity. Because the selector



Edição XXV Simpósio Brasileiro de Jogos e Entretenimento Digital (SBGames 2026) - Goiânia/GO Trilha: Computing

was not compared with computational baselines, the study cannot determine whether
it outperforms simpler strategies. Future versions should normalize utility scales, tune
parameters, and conduct comparative evaluations.

Dynamic calibration operated conservatively because most templates received
fewer than five attempts per knowledge tier. The few templates above the threshold
were concentrated in the ADVANCED tier and showed 100% success rate, reducing
effective difficulty to 1.20 for items originally designed as level 4. This suggests possible
overestimation of difficulty for advanced users, but more interactions are needed for
reliable calibration.

Overall, the results provide preliminary evidence that the adaptive arcade mini-
game can sustain rapid code-evaluation practice and generate useful telemetry for
pedagogical analysis. However, they are not sufficient to fully answer whether the mini-
game improves rapid code-evaluation ability or whether the selector offers computational
superiority over simpler strategies. The evidence is stronger for feasibility, practice
continuity, diagnostic potential, and descriptive analysis of selector behavior than for
learning effectiveness or algorithmic advantage.

6. Final Considerations

This paper presented an adaptive arcade mini-game for practicing rapid code evaluation
in introductory programming education. The proposal combines binary-choice questions,
survival mechanics, immediate feedback, telemetry, and adaptive question selection. Its
main contribution is the integration of an arcade learning loop with a dual-agent selector
inspired by minimax, balancing diversity, novelty, difficulty progression, and pedagogical
gain.

The empirical evaluation involved 13 active participants, 36 valid sessions, and
1,375 recorded answers. Results showed global answer-level accuracy of 87.3% and
an average response time of 3.35 seconds. Incorrect answers took longer than correct
ones, and mean accuracy, distance, and maximum combo increased between first and last
valid sessions, suggesting feasibility and progression during use. Results also showed
differences among mechanic types and reinforced the need to interpret performance
according to curricular concept.

The study produced design-oriented evidence about the adaptive mechanisms:
the selector covered all ten analyzed mechanics and used all templates available within
the accessed concepts, but the progression-oriented agent dominated arbitration and
calibration was limited by the low number of attempts per tier. Therefore, the
computational contribution should be understood as the design, implementation, and
descriptive analysis of an adaptive selector, not as evidence of algorithmic superiority.

The main limitations are the modest number of participants, concentration of
answers in Fundamentals and Functions, absence of a control group, lack of external
learning measures, absence of player-experience questionnaires, and lack of baseline
comparison. Future work should expand the template bank, refine and compare the
selector, normalize utilities, tune parameters, and evaluate the mini-game with larger
samples, longitudinal designs, control conditions, external learning measures, player-
experience questionnaires, and computational baselines.
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