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Abstract
We present Owlgorithm, an educational platform that supports
Self-Regulated Learning (SRL) in competitive programming (CP)
through AI-generated reflective questions. Leveraging GPT-4o, Owl-
gorithm produces context-aware, metacognitive prompts tailored to
individual student submissions. Integrated into a second- and third-
year CP course, the system-provided reflective prompts adapted to
student outcomes: guiding deeper conceptual insight for correct
solutions and structured debugging for partial or failed ones.

Our exploratory assessment of student ratings and TA feedback
revealed both promising benefits and notable limitations. While
many found the generated questions useful for reflection and debug-
ging, concerns were raised about feedback accuracy and classroom
usability. These results suggest advantages of LLM-supported re-
flection for novice programmers, though refinements are needed
to ensure reliability and pedagogical value for advanced learners.

From our experience, several key insights emerged: GenAI can
effectively support structured reflection, but careful prompt design,
dynamic adaptation, and usability improvements are critical to
realizing their potential in education. We offer specific recommen-
dations for educators using similar tools and outline next steps to
enhance Owlgorithm’s educational impact. The underlying frame-
work may also generalize to other reflective learning contexts.
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1 Introduction
Competitive programming (CP) places students in fast, test-driven
contests demanding algorithmic solutions under strict time and
memory limits. The format naturally supports the planning phase
(problems selection, time budgeting) of self-regulated learning (SRL,
[16, 30]) and the performance phase (iterative coding and resubmis-
sion to an online judge). Reflection, however, is seldom practiced
[12]. Once receiving the coveted “Accepted,” the scoreboard and
time pressure push competitors to the next problem; if the verdict is
“Wrong Answer,” the rapid trial-and-error culture still discourages
systematic postmortems. Online judges provide little scaffolding
beyond pass/fail feedback, so revisiting code to trace logic flaws,
compare algorithms, or generalize lessons imposes high cognitive
and metacognitive costs with no immediate contest payoff [2, 11].

Within computer science instruction, the reflection stage of SRL
often manifests as self-explanation, where students verbalize the
logic behind their code, debugging strategies, and algorithm choices.
Prior research on self-explanation has shown that prompting learn-
ers to justify each step of their problem-solving process can signifi-
cantly improve understanding and retention [14, 23, 26]. Moreover,
training students to self-explain has been shown to improve cogni-
tive skill acquisition and programming performance [3]. Building
on this, recent tools have begun to automate reflective support by
generating questions about student code [10], yet these are rarely
grounded in SRL theory or tailored to novice competitive program-
mers, who may struggle to diagnose errors, articulate reasoning, or
connect solutions to underlying algorithmic principles [24].

Meanwhile, large language models (LLMs) show near-expert
performance across programming tasks like code generation, de-
bugging, and algorithmic reasoning [13, 21, 22]. Their ability to
interpret code and generate explanations gives them potential to
help the reflection phase of SRL. LLMs can scaffold self-explanation
and reduce cognitive effort for meaningful reflection by producing
targeted, open-ended questions based on student code.

We present Owlgorithm, an LLM tutor supporting reflection in
CP. Using GPT-4o, it generates context-aware questions guiding
self-explanation for passing or failing code. Grounded in SRL, it
maps questions to Bloom’s Taxonomy to deepen conceptual under-
standing. Contributions: (1) a dual-role LLM strategy for question
generation and review; (2) a workflow adapting prompts to perfor-
mance; and (3) an exploratory evaluation of student and TA feed-
back. Owlgorithm bridges the reflection gap in CP, helping learners
engage deeply with code via structured, AI-supported reflection.
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2 Background & Related Work
2.1 Self-Regulated Learning (SRL)
The concept of SRL describes learning as an iterative process con-
sisting of three phases: forethought, performance, and reflection
[30]. Zimmerman defines these phases as goal-setting and planning
(forethought), strategy implementation and self-monitoring (per-
formance), and self-evaluation and adaptation (reflection). Pintrich
and Zusho later expanded this model to include motivational and
metacognitive components across each phase, demonstrating that
effective learners continually monitor and adapt their understand-
ing and strategies [16]. This framework has significant implications
for programming education, where students often navigate complex
problem-solving cycles that reflect SRL’s core phases.

Researchers have explored the use of AI as a tool to support
SRL in various scenarios. Salvo et al. [20] proposed a mathemati-
cal model that incorporates AI-oriented analysis to assist patients
undergoing remote healthcare treatments. Specifically, machine
learning analyzes patient data, identifying connections between
digital skills, motivation, therapy goals, and behavioral feedback.
This approach enables personalized, adaptive SRL plans. The goal
is to enhance patient engagement and autonomy by using AI to
continuously evaluate and customize Internet of Medical Things
(IoMT)-supported self-managed healthcare interventions.

Afzaal et al. [1] proposed an AI approach based on counterfactual
explanations to generate automatic and intelligent recommenda-
tions that support students’ SRL in a data-driven manner. This
approach builds predictive models using machine learning to fore-
cast students’ performance and utilizes explainable AI techniques
to identify specific, actionable changes that students can make to
improve their performance. As a result, the AI system predicts out-
comes and also guides students on which learning behaviors to
adjust in order to achieve their desired academic goals.

Rasdi et al.[18] explored how insurance agents develop SRL skills
to adapt to AI technologies in their work, identifying organiza-
tional support mechanisms such as training, self-learning initia-
tives, knowledge sharing, and adaptation to change. While AI tools
such as machine learning, NLP, and RPA are utilized in their tasks,
the study focuses on how agents self-regulate their learning to use
these tools effectively, rather than AI directly supporting SRL. It
concludes that organizational and informal supports are vital to
empower workers’ SRL in leveraging AI for job performance.

Billman et al. [4] analyzed how AI usage, framed by SRL theory,
affects the academic performance of Indonesian students, highlight-
ing metacognition, motivation, and behavior. AI tools are found
to positively influence SRL factors, with motivation having the
strongest impact on academic achievement. However, the study
warns about potential student dependency on AI. Overall, AI sup-
ports SRL by enhancing metacognitive and motivational processes,
yet the paper calls for guided and supervised AI use to avoid un-
dermining students’ independent learning skills.

Kong et al. [9] proposed a human-centered learning and teaching
framework (HCLTF) that incorporates GenAI tools to enhance K-12
students’ SRL through the acquisition of domain knowledge. The
framework utilizes AI to support SRL by providing personalized
prompts, immediate feedback, and opportunities for self-reflection

during the forethought, performance, and reflection phases of learn-
ing. In this model, AI acts as an interactive partner while teachers
facilitate the process, with the goal of empowering students’ atten-
tion, engagement, confidence, and satisfaction during SRL.

Yang et al. [29] examined how pre-service teachers’ basic need
satisfaction (autonomy, competence, relatedness) influences AI liter-
acy in introductory AI courses, highlighting emotional engagement
and SRL as key mechanisms. They find SRL significantly predicts AI
literacy and moderates the relationship between emotional engage-
ment and AI literacy, enhancing learning outcomes when students
effectively regulate learning. Thus, SRL emerges as a crucial fac-
tor amplifying the positive effects of emotional engagement in
acquiring AI literacy within AI-supported educational contexts.

Recently, Ren et al. [19] systematically reviewed 27 empirical
studies from 2004 to 2024 on how AI supports SRL in education. It
finds that AI is primarily used through intelligent tutoring systems,
machine learning for predicting learning behavior, educational
robots, and AI-enabled learning environments to enhance metacog-
nition, motivation, and behavioral regulation. Overall, AI tools are
shown to support SRL by providing personalized feedback, adaptive
scaffolding, and predictive analytics, with most studies reporting
positive impacts on students’ SRL skills and academic performance.

2.2 Tools Supporting Reflection
In CS education, SRL reflection typically appears as self-explanation
– students verbalize code logic, debugging steps, or algorithmic
choices. Early work by Linn and Dalbey found that, without scaf-
folding, students skip this phase and treat programming as a syntac-
tic task [11]. Later studies confirmed the value of self-explanation:
relational code explanations correlate with proficiency [15] and
stronger SRL habits predict higher quality code [5].

2.3 LLMs in Programming Education
LLMs now automate explanations, feedback, and code generation
for programming education. Sarsa et al. showed that OpenAI Codex
can create programming exercises and explanations rivaling instruc-
tor work, indicating potential for scalable instructional support [21].
Lyu et al. found LLMs achieve near-expert results on complex al-
gorithmic tasks, and Shi et al. reported strong performance on
Olympiad problems with careful prompting [13, 22]. These stud-
ies suggest that LLMs can comprehend advanced programming
concepts and can assist learners across difficulty and ability levels.

Alongside advancements in LLMs, several educational tools have
aimed to support SRL through automation. Alhazbi’s e-journaling
system prompted students to reflect on their planning and coding
strategies by writing a weekly e-journal entry, leading to measur-
able gains in metacognitive awareness and academic performance
[2]. Bakry et al. developed a system that automatically generates
code-specific reflection questions, enabling deeper student engage-
ment without adding to instructor burden [10]. However, as Thomp-
son et al. point out, while LLMs can generate reflective prompts
on demand, few tools have integrated them into structured, adap-
tive workflows explicitly grounded in SRL theory and aligned with
student performance data [24].

Broader AI-based frameworks such as GAIDE (Generative AI
for Instructional Design and Evaluation) have concentrated on
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automating static content development–such as quizzes, lecture
slides, and grading rubrics–but omit SRL-driven interaction [7, 8].
While these systems effectively lessen instructor workload, they do
not actively facilitate student reflection, metacognitive reasoning,
or adaptive self-regulation during the learning process.

Overall, although LLMs and SRL-aligned prompting systems
have made significant progress, no existing tool completes the SRL
cycle in the context of competitive programming. Most current
systems focus on static content generation or provide generic feed-
back, with few leveraging LLMs to support structured, performance-
sensitive reflection. Owlgorithm addresses this gap by combining
LLM-driven question generation with SRL-informed design princi-
ples, helping students in competitive programming complete the
cycle of planning, performance, and meaningful reflection.

3 Owlgorithm
Owlgorithm is a web-based platform designed to support self–
explanation and reflective practice in competitive programming by
generating tailored questions using GPT-4o. The system adjusts
its prompts based on student outcomes, distinguishing between
two modes: submissions that pass all test cases and those that fail
some or all test cases. In the former, the questions emphasize algo-
rithmic generalization and complexity; in the latter, they facilitate
debugging and self-diagnosis.

3.1 SRL and Programming Concepts
SRL is a metacognitive cycle in which learners actively control
their progress by setting goals, employing strategies, and reflecting
on outcomes [30]. In Zimmerman’s model, the forethought phase
involves task analysis and goal setting: for example, a student may
decide to master segment tree problems by solving two per session
and allocating 60 minutes for each. During the performance phase,
learners monitor and manage their behavior using techniques such
as incremental coding, debug prints to verify partial results, and
time-boxing to avoid Time Limit Exceeded verdicts. Finally, the
self-reflection phase requires learners to interpret feedback by ex-
amining failed test cases, attributing errors (e.g., off-by-one logic,
incorrect data structures), and adjusting future study strategies,
such as reviewing prefix-sum techniques.

SRL encourages iterative improvement by prompting learners
to revise strategies based on outcomes, seek external resources
when necessary, and reflect on patterns of success and failure [12].
However, as prior work showed, many students entirely skip the
reflection phase, finding it cognitively demanding and unstruc-
tured, especially in fast-paced environments such as competitive
programming.

Clear learning objectives are essential to guide this reflective
process. The Revised Bloom’s Taxonomy provides a structured
framework for classifying educational goals across cognitive levels,
from remembering and understanding to evaluating and creating.
Unlike the original taxonomy, this taxonomy includes metacogni-
tive knowledge as a distinct dimension, emphasizing the importance
of learners’ awareness of their own thinking processes [6]. As such,
the Revised Bloom’s Taxonomy is widely used in the literature to
support the design of activities that foster self-reflection by explic-
itly targeting metacognitive development [17].

Owlgorithm operates under two usage scenarios, selected based
on the outcome of a code submission: “All Cases Passed” and “Some
or None Cases Passed”. In the All Cases scenario (where a student’s
code passes every test case), the system prompts deeper reflection
by generating questions focused on generalization, algorithmic
justification, and complexity analysis. For example, students may be
asked to explain why their solution handles edge cases, justify their
choice of algorithm or data structure, or analyze whether the time
and space complexity is appropriate for the problem constraints.

In contrast, the Some or None scenario is triggered when a
submission fails at least one test due to aWrong Answer, Time Limit
Exceeded, Runtime Error, or Compile Error. In this case,Owlgorithm
guides students through reflective debugging by prompting them
to identify the failure mode, recognize common pitfalls (such as
off-by-one errors or input parsing bugs), and formulate a revision
plan. This approach transforms debugging into a metacognitive
process, encouraging root cause analysis and strategic problem-
solving rather than trial-and-error iteration.

3.2 High Level Architecture
3.2.1 Two LLM Roles. Owlgorithm separates LLM behavior into
two distinct roles, Generator and Reviewer (two distinct OpenAI
API client instances), tomaintain clarity and control in the reflection
question pipeline. The Generator role creates candidate questions
and exemplar answers based on the student’s code and problem
context, using prompt templates aligned with specific learning ob-
jectives. These outputs focus on core concepts such as correctness,
algorithmic complexity, and design rationale. The Reviewer role
then evaluates these questions for clarity, cognitive depth, and
alignment with Bloom’s Taxonomy. It filters out low-relevance or
redundant items and adjusts questions to match the intended diffi-
culty level. This separation helps prevent context bleeding, a failure
mode in LLM systemswhere overlapping goals or instructions cause
incoherent or unfocused outputs, as discussed in the GAIDE archi-
tecture [7]. This two-step process ensures that reflective prompts
remain pedagogically targeted, cognitively appropriate, and aligned
with SRL principles by decoupling generation from evaluation.

3.2.2 Prompt Flow. Each usage scenario in Owlgorithm follows
a structured prompt pipeline designed to scaffold both question
generation and evaluation. In the All Cases scenario (where the
student’s code passes all test cases), the Generator produces open-
ended prompts that target higher-order reflection, focusing on ab-
straction, justification, and complexity analysis. Example questions
include: “Why does your algorithm handle edge case X correctly?”
and “Explain the time complexity of your solution.”.

The Reviewer then selects a focused subset of these questions,
adds exemplar responses, and formulates rubrics alignedwith Bloom’s
Taxonomy to ensure pedagogical consistency. These rubrics are
intended to support self-assessment and instructional feedback,
helping learners evaluate correctness and depth of understanding.

In contrast, the Some or None Cases scenario, where the student’s
code fails one or more test cases, shifts the focus to error diagnosis
and revision planning. In this scenario, the prompt flow adapts
to focus on diagnosis and revision. Questions in this mode are
more targeted, that ask students to identify likely error categories,
reassess edge case handling, or question initial assumptions.
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Each prompt targets common failure patterns such as logic flaws,
indexing mistakes, or type mismatches, and encourages students to
develop a revision plan rather than rely on ad hoc debugging. These
diagnostic prompts align with the reflection phase of SRL by fos-
tering self-monitoring, error attribution, and strategic adjustment.
Prompt flows across both success and failure scenarios are designed
to maintain cognitive variety and progression, scaffolding students
from surface-level issues to deeper conceptual understanding.

3.3 SystemWorkflow
Owlgorithm guides students through a concise, five-step workflow
that scaffolds self-reflection with minimal overhead. A simple land-
ing page launches the process, followed by file upload (problem
statement and code) and session setup, where students indicate
whether their submission passes or fails test cases and, if failing,
select a verdict (e.g., Wrong Answer, Runtime Error, Time Limit Ex-
ceeded). For unique code/problem pairs, GPT-4o generates Bloom-
aligned reflection questions, scores student responses (0-3), and
provides concise formative feedback; failing code also receives
sub-50-word hints toward likely faults. A final summary compiles
all questions, responses, and feedback–helping students identify
patterns and consolidate insights. The entire process takes under
five minutes, lowering the barrier to deliberate, theory-informed
reflection during or after contests.

3.4 Detailed Prompt Flow
We found that prompt chaining and having multiple GPT agents
working together was very effective at reducing errors to near-zero
and keeping content higher quality. Errors that did occur (anything
not in the specified regex format) were immediately regenerated –
with high second-time success rate.

3.4.1 All cases scenario. Figure 1 shows the end-to-end prompt
chaining used in to generate self-reflection questions and give feed-
back when the student’s code passes all test cases.

Question Creation.

(1) Generator – draft. OpenAI API client #1 creates ≈ 20 open-
ended questions from the problem and code.

(2) Reviewer – refine. OpenAI API client #2 filters and rephrases
them to the 10 most pedagogically useful.

(3) Generator – answers. #1 writes expected answers for each
refined question.

(4) Reviewer – rubric. #2 builds scoring criteriamapped to Bloom’s
Taxonomy levels.

(5) Formatter – package.OpenAI API client #3 Outputs questions,
answers, and rubrics in JSON/Markdown for the UI. We have
found LLMs capable of generating highly specific formats well
enough to rely on them without being able to verify.

Feedback generation. A feedback instance (OpenAI API client
instance) invokes the feedback prompt passing in the student’s an-
swer, the original question, problem statement, code, and the rubric,
to compare the response against each rubric criterion. It assigns
a numeric score (0-3) based on relevance and correctness, then
generates a concise hint (20 words maximum) without revealing
the full solution. The output is formatted to match a regex.

Summary generation. A summary maker instance (OpenAI API
client instance) applies the summary prompt to a list of question
dictionaries (each containing a ‘Question Statement’, ‘Score’, and
‘Feedback message’) to generate concise question titles (≤ 5 words)
and an HTML summary table with columns for Question Title,
Score, and Feedback messages.

3.4.2 None or Some Cases Scenario. Figure 1 shows the end-to-end
prompt chaining used to generate diagnostic questions and provide
feedback when the student’s code does not pass all test cases.

Question Creation.

(1) Generator – reference. OpenAI API client #1 produces a cor-
rect Python solution as baseline.

(2) Generator – questions. #1 crafts 10 free-response prompts
probing logic gaps.

(3) Reviewer – select. OpenAI API client #2 chooses the 5 most
helpful, verdict-aligned questions.

(4) Reviewer – rubric. #2 builds Bloom-aligned scoring criteria.
(5) Formatter – package.OpenAI API client #3 Outputs questions

+ rubric as JSON for the UI.

Feedback Generation. A feedback invokes the feedback prompt,
passing in the student’s answer, the original question, problem state-
ment, code, and the rubric. It compares the response against each
rubric criterion, assigns a numeric score (0-3) based on relevance
and correctness, and generates a concise hint without revealing the
full solution. The output is formatted to match a complicated regex,
which the LLM matches remarkably well.

3.4.3 Prompt Engineering Techniques. To ensure consistency, rele-
vance, and pedagogical alignment, the following prompt-engineering
strategies are applied at each stage:
• Role Specification. Each prompt fixes a persona (e.g., “Com-
petitive Programming Professor”) via the persona prompt pattern
[27], to control tone, style, and expertise, producingmore focused,
relevant, and immersive responses.

• Structured Delimiters. Tags like <problem> and <code> mark
sections that carrying over context from previous prompts, en-
abling seamless prompt chaining [28].

• Incremental Refinement. Generator + reviewer chaining iter-
atively sharpens question clarity and relevance.

• Regex Enforcement. Regex in the prompt enforce output for-
mats (lists, headings, JSON fields) for easy parsing.

• Bloom’s Taxonomy Verbs. Prompts for expected outputs and
rubrics incorporate cognitive-level verbs (e.g., Remember, Under-
stand, Apply) to target diverse learning objectives.

• Temperature Control. Low temperature keeps outputs deter-
ministic, yielding reproducible questions and rubrics.

• Explicit Scoring Guidelines. Rubrics use 0-3 scales with de-
scriptive anchors for consistent feedback and hints.

3.5 Design Rationale
Owlgorithm is purpose-built to operationalize the self-reflection
phase of Zimmerman’s Self-Regulated Learning (SRL) cycle–the
stage in which learners interpret outcomes, attribute causes, and
revise subsequent strategies [30]. Designed for the Competitive
Programming context, it aims to help students close the SRL loop
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Figure 1: Workflow of the prompts used in both “All” and “Some or None” Cases Passed. Rounded corners show AI generation,
circles show iterative AI refinement, rhombuses show formatting text for processing, sharp-cornered boxes show UI display.

by transforming post-submission analysis into a structured, reflec-
tive learning opportunity. After each code submission, a two-step
LLM pipeline–Generator followed by Reviewer–produces Bloom-
stratified prompts that guide learners from surface-level recall to-
ward progressively higher-order cognitive processes: Remember,
Understand,Apply,Analyze, and Integrate [6]. These prompts are tai-
lored to core Competitive Programming skills like algorithmic rea-
soning, debugging, and complexity optimization, fostering deeper
metacognitive appraisal of problem-solving strategies. By ground-
ing each prompt in concrete artifacts–line numbers, variable states,
and the online judge’s verdict–the system situates abstract reflec-
tion verbs within the learner’s own code, leveraging evidence that
higher-level Bloom prompts enhance programming comprehen-
sion [25]. Because reflection is fully automated, instructors incur
virtually no additional workload, while learners receive timely, cog-
nitively rich feedback precisely within the brief post-submission
window when reflective motivation peaks.

4 Usage and Perception Analysis
Each question generated by Owlgorithm permits the user to rate
how helpful the question and feedback to the students’ response
is. From this 5-star rating system, it became clear that significant
improvements to question and feedback quality were still needed.

In Spring 2025, we conducted a perception survey of Owlgorithm
among six Undergraduate Teaching Assistants (UTAs) and one
instructor, representing the majority of instructional staff for our
Competitive Programming courses CP1, CP2, and CP3. All of the
UTAs have assisted with CP1, four with CP2, and three with CP3.

The survey consisted of a 25-item questionnaire that took ap-
proximately 5 to 10 minutes to complete. It explored seven key
areas: the quality of generated questions, accuracy and utility of
feedback, expectations for student adoption, overall helpfulness,
debugging support, anticipated learning gains, and space for open-
ended comments. A summary is provided in Table 1.

TAs in this study expressed mixed perceptions regarding Owlgo-
rithm’s effectiveness for student learning, with notable differences
across course levels. In CP1, TAs demonstrated modest optimism;

half anticipated that students would engage with the tool weekly,
and all agreed that it would support at least minimal learning gains,
particularly in debugging and interview preparation. TAs especially
valued Owlgorithm’s potential to complement or partially replace
office hour support in straightforward contexts by providing trou-
bleshooting opportunities for students who are failing test cases.

In contrast, this optimism was not observed in higher-level
courses. In CP2, five out of eight TAs predicted no student adoption,
and in CP3, seven out of eight anticipated no usage. TAs described
Owlgorithm as “office-hours on demand,” highlighting its ability to
extend guided support beyond scheduled sessions, direct novices to-
ward root causes rather than complete solutions, reduce last-minute
stress, and offer post-solution conceptual deep dives for advanced
learners preparing for interviews or oral examinations.

However, TAs also identified limitations that constrain the tool’s
value, particularly in upper-division courses. These include inter-
mittent hallucinations and scoring errors, slow response times, and
the absence of a conversational, adaptive interface. Collectively,
these issues underscore the need for improvements in accuracy, per-
formance, and interactivity before the tool can be widely adopted.

In exploratory testing, surveyed students and in-app ratings sug-
gest that students appreciated many of the “high-quality” prompts
Owlgorithm produced, yet just under half still reported low satisfac-
tion. Their chief frustration was generic hypotheticals–e.g., “How
would your code act in <insert certain scenario>?”–that repeated
scenarios already covered, along with broad edge-case questions
instead of bug-specific guidance. Consequently, only about half
the questions felt useful. The issue traces to the LLM’s limited con-
text window: as inputs grow, it loses track of crucial code details.
Splitting work into smaller queries helped somewhat, but further
refinement is needed for scaled, cost-effective framework use.

5 Discussion & Future Work
Our pilot (mostly with TAs and limited CP1 initial deployment)
shows that even a lightweight version of Owlgorithm can spark
productive self-reflection: roughly half of its prompts were rated
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Dimension Key Metrics Summary of Ratings Notable Observations

Question
Quality

Correctness: 21–100%,
M = 62.1%, SD = 25.8%

Helpfulness (Understanding):
M = 3.0, SD = 0.8

Helpfulness (Debugging):
M = 3.4, SD = 1.0

Neutral to slightly positive ratings
Moderate perceived debugging value

Wide variation in correctness
Higher perceived value for debugging vs.
understanding

Feedback
Quality

Correctness: 19–100%,
M = 49.9%, SD = 30.4%

Helpfulness (Understanding):
M = 2.7, SD = 1.0

Helpfulness (Debugging):
M = 2.9, SD = 0.7

Generally neutral to negative
Lower than question quality across
all metrics

High variability; concerns about mislead-
ing or incorrect feedback

Predicted
Student Usage

Debugging: 87.5%
CP1 Interviews: 62.5%

Most common use: debugging
Limited expected frequency across courses

CP3: 100% predicted never use
CP2: 75% predicted never use

Perceived
Helpfulness

CP1: M = 3.1, SD = 0.8
CP2: M = 1.9, SD = 0.6
CP3: M = 1.7, SD = 0.5

Slightly positive (CP1)
Negative (CP2, CP3)

Perceived value drops sharply with course
level

Debugging
Usefulness

CP1: M = 3.3, SD = 0.7
CP2: M = 2.3, SD = 0.7
CP3: M = 2.0, SD = 0.6

Moderate for CP1
Low for CP2, CP3

Best suited for lower-level courses

Anticipated
Learning
Impact

CP1: M = 3.0, SD = 0.0
CP2: M = 2.1, SD = 0.6
CP3: M = 1.7, SD = 0.5

Neutral (CP1)
Negative learning impact (CP2, CP3)

Concern about incorrect or unhelpful
learning at higher levels

Open Feedback
& Limitations

– During first round, TAs noted hallucina-
tions, poor feedback quality, UI issues; sub-
sequent rounds had notably higher ratings

Tool seen as useful mainly for CP1
Criticism of non-interactive format
Preference for tools like ChatGPT

Table 1: Summary of TA Evaluations of Owlgorithm by Category

“high-quality,” and several students reported clearer reasoning af-
ter one session. Still, limited feedback accuracy (≈ 40%), interface
delays, and a fixed question flow sometimes frustrated users, espe-
cially when the AI repeated scenarios they had already handled.

Future work should improve feedback precision using larger-
context or retrieval-augmented LLMs (or other cost-effective “in-
place” adjustments), refine the UI based on pilot feedback, and
replace the static prompt list with a conversational engine that
adapts to each answer. These refinements will position Owlgorithm
to deliver TA-like guidance at scale: a practical, low-friction coach
for novice competitive programmers and other iterative CS courses.

In classrooms, Owlgorithm can serve as an office-hour–adjacent
or post-contest reflection tool that integrates naturally into existing
contest workflows. Its backend can be readily swapped for alter-
native or institutionally approved LLMs, ensuring continued use
even where GPT-4o access is restricted. Since online judges already
support file-based code submissions and downloadable problem
statements, adoption requires no extra steps for instructors or stu-
dents. A practical adoption roadmap includes: (1) guided reflection
sessions in early labs, (2) optional self-reflection check-ins tied to
contest submissions, and (3) LMS integration for automated prompt
delivery and progress tracking. Together, these steps support scal-
able classroom use while preserving its core goal—lowering the

barrier to deliberate, theory-informed reflection during or after
contests. We conclude with an outlook shared by the seasoned CP1
instructor, who provided feedback outside of exploratory testing:

“Owlgorithm represents a new era in [CP] education. It provides
direct support for student learning by guiding them using [similar
questions] to the ones I use... boiling down issues to core misunder-
standings. ... The primary benefit of this tool is to help the struggling
students, the frustrated ones who are sitting at their computer the
night of the deadline and just can’t do it, can’t think anymore, ... and
are all alone. The ones who just need to talk to a TA, a friend... or the
instructor... about their problems. Someone to... point them in the right
direction, because they’re capable of doing the problem themselves
but [can’t figure out the] next step. I look forward to sharing this with
my students next semester!”
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